DCU

Dublin City University

Development of A Hybrid Genetic Algorithm
Based Decision Support System for
Vehicle Routing and Scheduling in Supply Chain

Logistics Management

BY:
SEYED MOHAMMAD SHAFI KHANIAN (B. Eng., M. Eng.)

SUPERVISIORS:
PROFESSOR, M.S.J. HASHMI,
DR. TAMAS SZECSI.

This thesis is submitted in accordance with the requirements of
Dublin City University for the degree of
Doctor of Philosophy.

Submitted to Dublin City University, March 2007



Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

Declaration

Project Title:

Development of A Hybrid, Genetic Algorithm Based Decision Support System for Vehicle
Routing and Scheduling in Supply Chain’s Logistics Management.

Supervisors:
Professor M.S.J. Hashmi,

Dr. Tamas Szecsi.

I herby certify that this material, which I now submit for assessment on the
programme of study leading to the award of Doctor of Philosophy (PAD) is
entirely my own work and has not been taken from the work of others save

and to the extent that such work has been cited and acknowledged with the
text of my work,

Signature:

ID No:

Date: 12/03/2007



Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

Dedication

This thesis would be incomplete without a mention of the support given me by
my parents to whom this thesis is dedicated. You Kept my sprits up when
though days failed me. Without you lifting me up when this thesis seemed
endless, I wonder if at all this work would have ever been completed.

I1



Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

Acknowledgements

I would like to thank each one of the people who directly or indirectly contributed to the
completion of this research.

Professor Hashmi, for the generous giving of his time, when I needed it most and also for
his guidelines and patience over the past years.

Special thanks to Dr. Szecsi, who has provided me with patient directions throughout this
work and his guidelines especially in the field of Genetic algorithms and its applications,
which were absolutely critical in this work.

Also, I would like to thank the management board and logistic department within Fergas
(Ltd.) liquefied petroleum Distribution Company in Iran in providing me necessary
information on their supply chain activities.

To my lifetime friend Dr. John Ryan, who did not waste a minute to discourage me and
radiate negative energy into me during the last couple of years. Thank you John for your
great wisdom and knowledge.

To Dr. John Geraghty, who never failed to support me with my lack of understanding on
manufacturing systems and industrial engineering concepts. Also thank you for all those
corrections and directions. Above all thank you for being a good friend.

My special thanks and appreciations to my brother Shahab for all those valuable debates on
operation research, simulation modelling and optimisation. I always remain a fan of your
works. Thanks!

Also, to my younger brother Shakib, whom I shared a flat next to the college, thanks for all
those great food that you never provided me. Thank you for putting up with me!

Special thanks to my soul mate, inspiration and friend Laila. Thank you for your patience,
tolerance and acceptance. Thanks for all your encouragements and supports.

Thanks to the crowd in Intel Ireland, Philip Lyons, Paul Sheehy, Donna, Gemma, Mark and
Nigel for all those free times you let me have to work on my thesis.

My special appreciations to my dearest friends, whom I have shared lots of good memories
during my time in Ireland, including Dr. Ali Al-Aradi, Dr. Behrnam Heidari, Dr. Nabi
Bakhtiari, Dr. Saleh, Dr. Hussain Askar, Dr. Amr Arisha, Dr. Tariq Mujber, Mr. Joe
Bolger, Mr. Brian Denin, Mrs. Suzan, Mrs. Elain and Mr. Abdolhadee.

111



Abstract

By: S.M. Shafi Khanian

Vehicle Routing and Scheduling (VRS) constitute an important part of logistics
management. Given the fact that the worldwide cost on physical distribution is evermore
increasing, the global competition and the complex nature of logistics problems, one area,
which determines the efficiency of all others, is the VRS activities. The application of
Decision Support Systems (DSS) to assist logistics management with an efficient VRS
could be of great benefit. Although the benefits of DSS in VRS are well documented,
however in practice many organisations perform these activities manually using

combination of skills, intuition and expertise.

A comprehensive review of literature revealed several drawbacks in the existing methods
for addressing VRS. The traditional optimisation approaches have very limited applications
and these require high computation time. Also, heuristic approaches are capable only to
specific variation, a slight difference in the structure of the problem make the algorithm
inefficient. Furthermore, metaheuristics methods require higher computation time and they
are context dependent. Also, further investigations on the VRS problem formulations
suggest that heuristic approaches usually address a single objective of distance
minimisation. However in the real world there may be a number of conflicting objectives.
In general, there is a lack of considerations for route selections, resource utilisation,
unfulfilled demands, underused capacities, reliability of deliveries, fleet size, human fitness
and operational cost. Also, these approaches fail to realise non-linearity within objectives
and constraints defined for VRS problems. Furthermore, there are no clear distinctions
between hard and soft constraints considered in these methods. Finally, the existing

approaches fail to capture stochastic and dynamic nature of the logistics processes.

In order to overcome the above-mentioned drawbacks, this study designed and developed a
hybrid DSS to assist logistics managers with VRS tasks. The capabilities of the developed
DSS have then been applied to a Liquefied Petroleum Gas (LPG) distribution company.
The architecture of this DSS is composed of Genetic Algorithm (GA) optimisation tool and

a simulation model. The GA module aims to provide a pool of near optimum
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transportation schedules. The simulation module is used to further evaluate the generated
schedules. The feed back from the simulation module is used to update the GA for re-
optimisation. Some unique features of this DSS are such as: development of a multi modal
genetic algorithm to address VRS problems; considering supply chain performance
measures as part of VRS problem formulation; allowing consideration of different
objectives, soft or hard constraints concerning the supply chain, considering linear/non-
linear relationships within objectives and constraints defined and finally, considering

stochastic and dynamic behaviours of the supply chain system.

The GA and simulation tool integration provides unique benefits that have not been in the
literature such as consideration of practical requirements, uncertainties, dynamic and
stochastic behaviours, considering several criteria and producing different alternative
solutions. Also, this integration allows the GA model to filter out solutions that are less
competitive and therefore reducing the simulation time evaluation, which is
computationally expensive. Furthermore, the human interaction with the system assists in
generating higher quality of solutions. Finally, the clear benefit of this DSS is the fact that
it greatly influences the applicability of the GA generated schedules and provides better

confidence in implementation of these solutions.



Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

Contents

DECLARATION..
DEDICATION.. smarstharyErE e EaE S s R R s Y
ACKNOWLEDGEMENTS

ABSTRACT
CONTENTS ... e vev . diisinsssiassariainsssaiainsnaias s avia g sove s M e e e s e G L s e e e e e s s e
LIST OF FIGURE Suicitsssssssictisvivivsvssssaiorsvavsiosovinietomaiassmvsivases eodosobsvhse i e oreidvsivs s v e amonn on pHs G Vebl seosabaad cbdmendons
LIST OF TABLES.... ziuisssicsssiuinsevnssbusssssivaies susdusvaeasuinsnivaisisisiesiansssdisiissnsisssinsissiiinisansrnihsavsibassbsssinssssoaseaness
LIST OF ABBRE VIATION S i icesosssashhsssuiasss isawesssnssnssbiassaan s vamabiss Ve saen o hosssssis b evssvsuas s 16 4 s s as650Gae o

CHAPTER 1: INTRODUCTION

— | |
i

v

XI
XV
XVIL

1.1 INTRODUCTION ..
1.2 RESEARCH OBJECTIVES

1.3 SIGNIFICANCE OF DECISION SUPPORT SYSTEMS

1.4 MOTIVATION... .
1.4.1 LPG Supply ChaIn
1.4.2 Suppliers: ..

1.4.3 Bottling Plants ..............................................................................................
1.5 PROBLEM DEFINITION sivissvassvciisissisnnntbisasisssssscnssassavassssseisisa s asaivonsaniiinaiiarsissbionssvsai sivseraisiisssssiasssassds
1.6 APPROACH OF T HE SIS vasinasiias i s s s s sssst s e s/envssiss 5o 0555755 055354054 80w SRV N F 5 A5 N S
1.7 OUTLINE OF THESIS .. s s ensasssssnstssas om0 os sssisns s s i ais v e sssapisvismis sy

CHAPTER 2: LITERATURE SURVEY

K=l e R R

10
10

13

2.1 INTRODUCTION .. T S ————
2.2 OPTIMISATION PROBLEMS

2.2.1 Weighting-Based approach. .........................................................................
222 Constraints based approach: ............ccuveiveviesvisissssssssisss s
2.2.3 The goal programming APPFOGCH: ........cc.cuveivrireiiessesicris s sss e ss s sessessmsaassesvesnnss
2.24 Pareto Optimaliy: .......coccoooiiieiiiiiiiiitiire st s s
2.3 OPTIMISATION TECHNIQUES ..ttt teveeuruereereeereronnssmssssseseessesssssssassinssnssstssssassasessimsmssienessmssssssasasssasaas
2.3.1 Integer Programming: ........cceceveverireoniinnesienineisiassssesssssarsssiesssssmsessssesaeenns
2.3.2 Dynamic Programming (DP)! ...t siis s
2.3.3 HEUVISHCS ..o iSRRG RS s
2.34 Design Strategies for heuristic lgovithms .........ccuiiviniecininimmsmssiosnnns
2.3.5 General purpose HEUFISHICS ............c.cccooiiccvmiminiismesssssssvnssnssssvsesssessesasiens
24 CLASSIFICATION OF ROUTING AND SCHEDULING PROBLEMS.....cciesuiimimimiasiasnnenanans
2.5 COMPLEXITY OF ROUTING AND SCHEDULING PROBLEMS ........ovciuvmmunnsrsrsrsssssssmssismesssssssssnseesecesses

2.6 VEHICLE ROUTING PROBLEMS (VRP)...

2.6.1 Separate and Single Origin and a'esfmarlon pomts .......................................
2.6.2 Multiple Origin and destination POIRIS:........cccccovvpeveersseiimeerisssssssesinssnssinnns
2.6.3 Coincident Origin and destination POIRLS:........cccuuvverasveiivisscsisiisisessesisisiess

2.7 VEHICLE SCHEDULING PROBLEMS (VRSP)...
2.8 VEHICLE ROUTING AND SCHEDULING PROBLEMS (VRSP)

2.9 APPROACHES TO VRSPS .......... s s s oo v i ot S et v
2.9.1 VRSP Classical HeuriStics: . sasssinsiisiasinivis. od Namavisaisssas s
292 Heuristics for the VRPS........ cwsiiiisisssmaiatio i oo s baisasvos
2.9.3 Heuristics for the VSP.......... cussaissassssabimmmiviion 16 s onmdiseniseseasisinmiss
2.94 Heuristics for the VRSPS...... s amsisnstie. <o - a5 asasasi crsussssss s sisaeess
2.9.5 VRSP MEIAREUFISTCS ! ..ouveveeceiressiessaenesssesssssessssssessinsessseosmsssssanssnssssssessssnsens

2.10 ENABLING TECHNOLOGIES: 1ivvvitiiiecrrrnrrerieeeenenensvesereeesessessasissssssssssssusssssssssssssssnssnssns

2.11 ARTIFICIAL INTELLIGENCE (A): . .eiiiiiiiieeiiuiesssesssesssmsnsnses snaresssssmnsssssssnsesssusunssserasssssnsssesssaressas

2.13 CONCLUSIONS jppussnsssassssstsssnsrirassissanserssnsassssnsnsnrapsasssss sapspanrussensndi sansns iy yiasympis i e Limms sy s Ay

CHAPTER 3: METHODOLOGY

.13

..................... 15
..................... 16

16

..................... 16

17

...................... 17
..................... 17
..................... 18
..................... 18
...................... 19
...................... 21

22
.22

..................... 22
..................... 23
..................... 23

.24

...................... 25
...................... 25
..................... 26
...................... 27
...................... 28
...................... 30
...................... 32

33
36
37

39

VI




Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

3.1 INTRODUCTION ..veiveeiseeraresseiisresseesesessestrieessesssssssessssssssssassssssnensneassesstesnetsesisttiatsssssassasssssneaesanss 39
32 PROPOSED ARCHITECTURAL DESIGN ....coieiriiiiiiiniiminssrsinte s asisss sttt stsatsssssissas st sns 40
33 RANDOM SEARCH .. ws .41
34 GENETIC ALGORITHMS (GA) 4l
3.4.1 Genetic Representation for porentlal solunons .44
3.4.2 Generation of Initial Population.... i .. 44
3.4.3 Fitness Function and Evaluation of Chromosomes ............................................................. 44
3.4.4 Selection For Reproduction... Vi .. 44
3.4.5 Recombination Process Usmg Genenc Operarors ............................................................. 47
3.4.6 GEREFALONAL CYCLO..everoeceeiceii s cisiisasis s bsra s b b ss s s s et st bbb 00 52
3.4.7 Replacement StPATEZIES ............couuiiirmieneeicisiissteae b s s sy 55
3.4.8 Initialising the values of cOntrol parameters ...........cooeemsssimnss e 55
3.4.9 Comparison of GA with other Optimisation teCRIIGUES ........covorveiimivininisisenasinisees 57
3.5 GENETIC ALGORITHMS AND VEHICLE ROUTING AND SCHEDULING (VRSP) FORMULATIONS......... 58
3.5.1 Genetic algorithms in Transportation Problems: ............cierrniiinnsiisin, 58
352 Genetic algorithms in Vehicle delivery Problems: .............cccoovvninnicnciiminminnn, 61
3.5.3 Genetic algorithms in Vehicle Scheduling Problems: ..., 63
354 Genetic algorithms in Vehicle Routing Problems:................cooocviiininiinniiiiin, 65
3.5.5 Genetic algorithms in LOGIStics Problems: ..o 66
3.5.6 Discussion: . ST )
3.6 MULTI-OBIECTIVE GENETIC ALGORITHM .69
3.0.1 Mathematical representation of non- mferlorlty ................................................................... 70
3.6.2 Pareto-Optimal Genetic AIGOTIAM: .........occvovieviiiiiiiiin 70
3.7 RECENT DEVELOPMENTS IN GENETIC ALGORITHMS .. .uccuiitinssensnresssnsmmmnsrsssminsssssssassmsssssssasnarasasansans 73
CHAPTER 4: GENETIC SEARCH ENGINE DESIGN AND DEVELOPMENT .....ccocccceensesesenns 75
4.1 INTRODUCTION .. . we 15
4.2 SEARCH ENGINE DESIGN COMPONENTS T e e 10
43 THE SEARCH ENGINE USER INTERFACE DESIGN S R e e s s 10
4.3.1 COSt Parameters sissmisiosissis ot s iae s s i oS s orasaras s s sass sy oionss: 1
4.3.2 Search ENine METROGS ............ooiiiicuccciiiisinitissississ st s s et sisssas s 84
4.4 RANDOM SEARCH TN GINE:uuusicovssssiisissssvnctaiiais oiissaisaniisasias ssassnsomisaspasssssssisresmssmsonsrenmppmspsamsssen, 84
4.5.1 ChromoSOME RePFESCAIANON .............coivviiiisiismismsssssessssmsssss s sesss st b s s s 88
4.5.2 FItness EVAIUGIION ...........coveeieeeeeiis s ississssssnsossasssnsssnssinsssssssissnmsnssssssnssssnssstnossssastossassssassansss 89
4.5.3 Initial Population GEneration..............everereeseanesaniisssnsss st s s s s 93
4.54 POPUIGLING GEREYALIONS ..o veveeieismassssssss s s s ssssas st s s s st 103
4.5.5 SCALIAG MEIROAS. .....c.veeeirvieriiieieecesii i bbb s e h s st 106
4.5.6 SElECHION MEIROMS .........oooneveorenssessnssmssnsesssssssssibsisssvassnisiissiavininannarnirisersssssaid iitiesennrrrs 109
4.5.7 CFOSSOVELT OPEFALOFS. ....c..coceevereieuiieiasisesnsesiass s ars s st b e s s b s e i s b e s e e 110
4.5.8 MULALION OPEFAIOFS ..veeeeeieeveriitciaiaaias st sh e eb sk bbb b e 114
4.5.9 ReplaCEMENT SEFALEZIES.......ovevvieeieisrii et b s et 116
4.6 PARETO OPTIMAL GENETIC SEARCH ENGINE........cvveireiisisnscismmmusessssissesssnssssssnssssssssnsssasassassesss 117
4.7 COST FACTORS WITHIN THE FITNESS FUNCTION...ciuusuerursirassrsississsssnssssrssssssssnsnsssssssssasessssnsgrasassss 117
4.7.1 COMPLELION T COSE .ottt bbb s 118
4.7.2 ENVIFONMENLAL COSE.....ouveovevivivesvieeseeesieraonesaees s siiiis hissasn snssnssimnsssmsssras suasassssssepnasssgesoes soes 120
4.7.3 TIVENIOTY COSE.eeiieieitise ettt eb s bbb b e 121
4.7.4 SAFLEY COSE vt e e e RSS2 122
4.7.5 SEIVICE LOVEL COST....oovveseireeieeeseetesieestieeiesase s saba bt s sias e e ba s sas e b s arn s r s e eaas smnsnsrmnaaeesnrne s 123
4.7.6 Transportation Cost FOFMUIALION..............cccovieviimeviiiiciiisss s 125
4.7.7 THUCK COSES: oo eeieeeeiisieeetsceeeesvessesosseansessseessessreonnsesnposausamnnssmyssnisisns smabons s emsanTR TR IR LGRSO A AP 0S 126
4.7.8 HUMAN FACLOT COSt ..vovveveeveereeeieeeseesiaeee e ssestesonsse s sessase e bbb s a s s e a st e seeas e b 127
4.7.9 WO K DAIANCE COSE...ooeeereeeveecricirerianearienerneenene s sassbsaasssasiaisianstsssasarnansasssseninsansisndissnbiorsnssn 128
4.8 MATHEMATICAL FORMULATION L.uiuiuieersessransrrssrasnnsnsssassssnsasssssssssrssssssassssssssnsannssssssarisssassssnnsenssans 129
4.9 CONSTRAINTS .. b suienn 132
4.9.1 Completzon tlme cost .. 133

Vil



Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

4.9.2 ERVIFORIMCAEAL COSE .. cvveeeeesiesrenassenssssssssesersssssessssassasessesansssnssasessserisnsnssemnssnsnsssmssanssssssnnnens
4.93 TIVEHIOFY COSt.voneinieniireicisiteiteisisessssss s s s et bbb e b s a e b aa s
4.94 SAFELY COSE .rveviiviisissisissesiessusinmsss s iess et s s 1RSSR sh eSS
4.9.5 SEIVICE LEVEL COSEo.ooooeeeseeeeesesreesasssssssnnssnasesssesessassssssnsssnnbsmsseeeessssisssiarsssstsssenstesenaeeesannssnsass
4.9.6 Transportation Cost FOVMUIALIION ......ccvvveueeiiiviisisisin st
4.9.7 T UCK COSIS: oooveeereeevreeeeees e s T T S NS SN B e o s oo v v ereveverancamranan ssnecnssnnsnacsannes
4.9.8 HUMAN FACLOF COSE .. e e ssssiasisissvsins som i s s it e e s e S S o SRS AT R FUROOR 0 swv a0 0 s srmone e
4.9.9 WOrk BAIANCE COSL..nvvoor oo eiasissiis cesianiisiesinsiniiissonsbba i s skt SUiaawan s s b T b n s A F s b oMb s B R B 05
4.10 CON CLUSTONS . utveueesscessrurenrnnssesstossessessnntnessrssasmerstansessstssisastonsssrattanorarssesnatsttorsrsensasesesrisresmratsansens

CHAPTER 5: SIMULATION MODELLING

5.1 INTRODUCTION ..
5.2 COMPUTER SIMULATION i
5.3 PROBLEM SUITABLE FOR SIMULATION MODELLING AND ANALYSIS
54 SIMULATION APPLICATION IN LOGISTICS MANAGEMENT ..cuiuiiiiiiiiiiciiiiiiiniin s asiissannsnna
5.5 SIMULATION APPLICATION IN SUPPLY CHAIN MANAGEMENT ....octtiiminirininieriesistsesmaninies s
5.6 SIMULATION AND OPTIMISATION
5.7.1 WITNESS Slmulanon Soffware ........................................................................................
5.8 ALTERNATIVE APPROACHES TO SIMULATION MODELLING ...ccocoititirsmrmeissssinsnsssssssusnssssarsnsassssnse
5.8.1 Object Oriented Simulation MOGelling ...
5.8.2 The Parallel, Distributed and Web based Simulation Modelling ................cccooeivvvnerenes
5.8.3 Agent Based Simulation MOAeIling................cccoooeiniiiiiiiiii e

CHAPTER 6: SIMULATION MODEL DEVELOPMENT AND VALIDATION ..coceesuinicescneens

6.1 INTRODUCTION TO MANAGING THE SUPPLY CHAIN ....utiiiirreiiieninrenteereees st ssssasssasassssssness
6.2 ACTIVITY IN SUPPLY=CHAIN MANAGEMENT .....ccoriiiminninsansssensansmsssssssassesstossaisntmsssessnssrassanssaasssas
6.3 STEPS OF A SIMULATION PROJTECT ..eettiuiiurieesisieissanesneesssassssesessssssssbissasssanssinassnsionsesbasisssssasiannnn
6.3.1 Data collection and Prepartion ...........o.. it i
6.3.2 Model Development....
6.4 SIMULATION MODELLING OF THE SUPPLY NODES
6.5 SIMULATION MODELING OF THE BOTTLING PLANTS ....c.uovvviiiiaiicimenssinsininsssssiansnssasssnsessssiasas
6.5.1 RaW MaLeriQl INICL ..........coovviviiiineionamiinsssrssssssssissassosssssati sessrss sostessaerassasaasugiastasnassssssassases
6.5.2 CUSIOMEY AFFIVAIS: ......... coovisiasiassivenmisoresos ssaisinsonsis 5643 amass svssnnsasaassassaunepysrenmsennganns sassseessass
6.5.3 LPG Cylinder PrOCESSING: ...vivuminrimrnissesseassssasisessisessasisssasssss s s s sss s sssessnins
6.6 PHYSICAL SUPPLY OF RAW MATERIAL ...cecuvieuuecmioiinerssaesseessnarnrsesssss s snssassssssssasnssassasssssnenassses
6.6.1 Delivery SCREAUIE .........cuucuemvivnesisisierssssasas s sassss st s s bbb
6.6.2 TranspOrtAtion ROULES ........icvvivrimisssmsssssssssieisssssssss s s s st s s e s
6.6.3 Transportation VERICIE ........ovueemieeueseesisis s s s s
6.6.4 Part fIOW LOZIC ..veeeeeieesiereensessinisassssni s s smsba s s srs s s b ad s e S s
6.7 MODELLING DYNAMIC BEHAVIOURS OF SYSTEMS . ..iiiiuitrriesssietssiissimmsiommmmimsrsnessssasstsaiietisim
6.8 MODEL VALIDATION...
6.9 ESTABLISHING A VALID AND CREDIBLE MODEL .........................................................................
6.10 STATISTICAL PROCEDURE FOR MODEL VALIDATION ....cciutcuiesssumsnssssessssssssssstassasssssssnssssnsssncsnsssansrs
6.10.1 The iNSPECHiON APPIOACH. ....cccviviiiviaiiiireess st s ssin s s St
6.10.2 Confidence interval GDPrOACH.......oouciisiniiiiisie e s
6.11.1 Result of the valldatlon pr ocedul SOV ... BB SO T N N
6.12 CONCLUSIONS .. .ttivteeriesteesressseeatesssstssessasssassssssas s shasasesseeesassasefa e e e esen s s S e R e d b e R TS a et n R n e e s e et s
CHAPTER 7: RESULTS AND EVALUATIONS

7.1 INTRODUCTION: , -
72 GENETIC ALGORITHMS VALIDATION
7.2.1 Optimum Transportation cost usmg T ORA .......................................................................
7.2.2 Optimum Transportation cost using Random Search Method............ccouvueviciveicineiicicanin.
7.2.3 Optimum Transportation cost using Genetic algorithm Method ..........ccivecueviviveisunenn.

VI



Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

7.2.4 Optimum Vehicle Routing and Scheduling COst ...t 198
7.3 OPTIMUM VALUES FOR INITIAL GA PARAMETERS .....coiiiiiiimrreeienniitiiiiie s e 199
7.3.1 InfIUENCE Of POPUIATION .......c..eitiveiieeeie et s e 201
7.3.2 Evaluations of Selection Method OPerarors ... 204
7.3.3 Evaluation of CroSSOVer ODEFALOFS ......ou.cieeiiuiiiscseisiaiss st s 207
7.3.4 Evaluation of Mutation ODerators.........ccumusissieissistssissisiss s s ssssssssss s 210
7.3.5 Evaluation of Elitism MeCRANISN ............ccoovciiiiisisiiisiissimis s s s 213
7.4 EXPERIMENTAL RESULTS AND DISCUSSIONS .....consstssssssssstssssrorssrssnsssonsssanasanensassasnssasssossassasasssans 21
7.5 SUPPLY CHAIN STIMULATION EVALUATIONS .evusssuarssssssessssasssssssssssssssssassssssssssssnsssssssssssassnsnss 218
7.5.1 LPG InVentory ARGLYSIS .......ccorecieiiiiiiirneis it s s s 218
7.5.2 SIMULALION ATALYSIS....cvveivireeteeirececie ettt 223
7.5.3 SOIULION IMPFOVEIMENLS ....c.oovveeecctiiirserese ettt bbb 224
7.6 CONCLUDING REMARKS ...vecvveieesermereasstestiesseesassssesssrmsarasssasssasessstonts tnensansisisasassisisnsaassmarssssess 229

CHAPTER 8: CONCLUSIONS 231

8.1 INTRODUCTION .. T R e S A e e e R e e
8.2 CONTRIBUTIONOFTHETHESIS RO PV .
8.3 FUTURE WORKS.. S O A LA A E A AR s s s A AT
8.3.1 Genetic algorlthmsea/ ch Enhancements ........................................................................... 235
832 FXPEFE SYSTENL..o.coiiitiete sttt S 237
LIST OF PUBLICATIONS v et b s sasa s pys RN S A e 2D D
APPENDIX A: LITERATURE SURVEY oo s SSRGS S it |
Al INTEGER PROGRAMMING (IP): .. 1
A2 DESIGN STRATEGIES FOR HEURISTIC ALGORITHMS S R S SRR T 2
A3 GENERAL PURPOSE HEURISTICS .. A e R R R AN 2
A4 SEPARATE AND SINGLE ORIGINANDDESTINATION POINTS O )
AS COINCIDENT ORIGIN AND DESTINATION POINTS .1utteieeereciiinnmreesnrirrieseeininnieeseesessesimisisisnsssaseniacens 4
A6 VEHICLE SCHEDULING PROBLEMS (VRSP).... 5
A7 VEHICLE ROUTING AND SCHEDULING PROBLEMS (VRSPS) S e W By e
A8 HEURISTICS FOR THE VRPS O — L o |
A9 HEURISTICS FORTHE VSP ..o titiessssssesrsnsssnssnssessssassesssssssssesansisesesetassassesssmnsnssesessassssssssssnssssssasasssses 9
A.10  HEURISTICS FOR THE VRSPS .. O ol - o At o
10

10

12

All GA APPLICATIONS WITHIN VRSP .
A12 GA APPLICATION TO ADDRESS MULTI OBJECTIVE PROBLEMS
REFERENCES A...
APPENDIX B: METHODOLOGY
B.1 RANK-BASED SELECTION...
B.2 CROSSOVER METHODS...
B.3 RECENT METHODS USED TO ENHANCE OPTIMISATION TECHNIQUES
B.4 RECENT DEVELOPMENT IN GENETIC ALGORITHM...uututteerasisieisraenirerissesarensmasensnmssssssisssssssssssmansanneress
REFERENCES B .. o
APPENDIX C: GA DESIGNAND DEVELOPMENTS
C.1 THE SEARCH ENGINE USER INTERFACE DESIGN
C.2 THE DATABASE-GA APPLICATION INTERFACE. ..1tuusetsseessssrenssrnssmannisarsssssssssnsssnssesssssiosssansnnsssannnessssss
C.3 THE SIMULATION TOOL -DATABASE INTERFACE .. .uevteetisisesisnsmssnnmsmmarssssassrsssssassenssnsinssssssnssssnsseassss
C4 SQL COMMANDS FOR GA-DATABASE COMMUNICATION ....vuruernunessessssessisesssssnsnss s ssnssssnsasanaenes 11
C.5 SCALING IMETHODS. . cecsvsrsssssmsatasasssavesrysensatssssssessasmessssasarsisiiessossessiiiia s pisssvivsmsavsnsnosissivaniorsaasonst 13
C.6 SELECTION METHOD 1uvevsersesssasersessasnsrosesreasassssmansiissinssissiisisisssisisisssisipsoniassibadinsiaatsssssmsssiorssvisionsan 17
C.7 CROSSOVER OPERATORS 111 netteeutersseeessssteessrsseessassassesasssonesssastssssssissssssrassssssssasssssnssineastmssssnsssssnnns 18
C.8 MUTATION OPERATOR ... R e s e e e A s 22
C9 REPLACEMENT STRATEGIES RSN X, |
C.10 STEPS DEVELOPED IN PARETO OPTIMAL GENETIC SEARCH ENGINE rvressressrrresstsensnssessnnanss 20
APPENDIX D: SURVEY ON S[MULATION MODELLING NN N
D.1 ADVANTAGES AND DISADVANTAGES OF S[MULATION 1
D.2 SIMULATION TOOLS: 1vvovseessesesesasisesesessssssesessisssssassenssssssessenssssessssasassessustsssesesssmnssnsnasseassssenessnassasase 2
ﬁ

IX

TN : £
O B == =N ==



Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

D.3 WITNESS SIMULATION SOFTWARE ...veveeuesteeetessessstssssesssstssasessssssesssssssssemssassssssssseassssiontsassiasnsasis 3
REFERENCES D oottt eereseesesistassestsreesasesssessssssssssasssbesssnssersessssecsssssmeenssisssarsss sasstneriassesssnsnsnnesoan &5
APPENDIX E: LPG SUPPLY CHAIN ... .o oceeeeevsisisreeerseeossanrseenessssesssessssestasssssssssisissstssssssstesnesemaeneiaeasasans 1
E.l ACTIVITY IN SUPPLY-CHAIN MANAGEMENT ....cccveveuiieineorsinsnassranersssssasssssssessassnsss sossssasnsanassasssasasrses |
E2 SUPPLY CHAIN COSTS: vetereeerererertremetesesssssassiassissssssssssesssssssssesasssssssrsssssasssensesssssssassiissasssnsssssassssnerions 7
APPENDIX F: DATA COLLECTED FOR SIMULATION MODEL DEVELOPMENT ....ccutsesessumsssussssssssnssnssanss 1
F.1 DATA COLLECTED FOR MONTHLY CAPACITIES PROVIDED BY REFINERIES: ....cccvciiuneriieriisinsenssnsaenas 1
F.2 DATA COLLECTED FOR WAITING TIMES AT REFINERIES.....cvtueeiissssssssssssssssrsransensssssansessssnssnnensosssasnans
F.3 DATA COLLECTED FOR LOADING TIMES AT REFINERIES

F.4 DATA COLLECTED FOR TIME BETWEEN FAILURES FOR REFINERIES ..........

F.5 DATA COLLECTED FOR TIME TO REPAIR FOR REFINERIES .......ccvvuveeerenannns

F.6 DATA COLLECTED FOR LPG UNLOADING TIME FOR BPS..

F.7 DATA COLLECTED FOR BOTTLING PLANTS DAILY DEMANDS
F.8 DATA COLLECTED FOR CUSTOMERS’ ARRIVAL PATTERN IN BOTTLING PLANTS

F.9 HISTORICAL DATA ON LPG FILLING MACHINES IN BOTTLING PLANTS .....ccoiiiiieviiriininriennenannenns
F.10 DATA COLLECTED FOR CYLINDER INSPECTION AREA ...ccccteeecervrneessersmeesssssiessssssnsensissssssenssasssnrennis
F.11 DATA COLLECTED FOR THE CYLINDER MAINTENANCE DURATION IN DIFFERENT BOTTLING PLANT 16
F.12 SPEED PARAMETERS FOR UNLOADED TRUCKS ...

F.13 SPEED PARAMETERS FOR LOADED TRUCKS......cccieeereseisesinicisneens

F.14 TRUCKS ACTIVITIES PATTERN ..eviecceverereererssereesssresesisrassesasssesssssnnsssssssesiesisssssssssssssssessssasnanssnssasssns




Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

List of Flgures

FIGURE 1-1 AN OVERVIEW OF LPG SUPPLY CHAIN .
FIGURE 1-2 AN INTEGRATED SUPPLY CHAIN FOR LPG
FIGURE 1-3 FORCASTED SEASONAL DEMANDS FOR LPG .....ociiiiiiiiiiiiiiiiiinecssiiniisssississssnssssssneissssisssssssnnssonssnmanss
FIGURE 3-1DSS ARCHITECTURAL DESIGN... e veerees eenaeeeneieRiE RS S S s rreaerases: 40
FIGURE 3-2 FORMAT OF A SIMPLE GENETIC ALGORITHM OO TS ST : X )
FIGURE 3-3 FITNESS ASSIGNMENT IN THE RANKED BASED...c.evvvverererersaieransennns T p——— 43
FIGURE 3-4 ROULETTE WHEEL SELECTION ALGORITHM ...cuvveeeveeereerneeisessisessanessassssssssessussstassnsssnsssssssnssssrnarnes 40
FIGURE 3-5 TOURNAMENT SELECTION METHOD......ccccoueeueeeesieeecssesssessassasssssessansssasesssessessasssssssnssnsssssasessesssnssnse 47
FIGURE 3-6 BEFORE CROSSOVER ...uveeveeetieeteeiesstssstessessssssessassssssssssssesssssessssssssnsesasssssssassassassessassnssssssssnssssesness 49
FIGURE 3-7 AFTER CROSSOVER ...vveeeeeeossesesssneessessasssssssssssssssssssssasssnssssssssesnsessasssnssssssssasssssssnssussssassssssnsassssssnnss 49
FIGURE 3-8 BEFORE CROSSOVER .....otiuisuiitetestieessesssatesesssesssessosessessasasssasssssssassarasssssssssnsssssrassassansanssssssensasvanss 49
FIGURE 3-9 AFTER CROSSOVER iiisieisiissessisnsiissssssmssaimiii st i tssaiivssesvavaiianismrnisi i sivssunivnonin 49
FIGURE 3-10 BEFORE MAPPING i civnvissistasisssssissiininissimemiinmsinaimannrismniammassvimsaane 50
FIGURE 3-11 AFTER SWAPPING..... isiscnisnirinsiiaiiesniinssn bosanisfivimaiivasiidinssesinnsismmiviasasasini O0
FIGURE 3-12 MAPPING STRINGS .1cuveteeseuriesiisrereessssrssssessessseeessossnsssssonsessaasssseesssaesssssssssssses osssstssssasasssasnsssssisnss 50
FIGURE 3-13 REPLACING GENES WITH NO MAPPING CONFLICTS ..vvvevicreereesireeeerssesrasssaesssessasssssseessnssssessnnsssasss S0
FIGURE 3-14 REPLACING GENES USING THE MAPPING RELATIONS...veeeversersmssecsessarassnssssasssassussssssnsssnssssassasssasss S0
FIGURE 3-15 FLIP BITE MUTATION ....o.nooeotiiitiiiissasssssssessssessesnsssrusssssessessussnssssnsssnsessnnsssssessassnensasnssssssssassssnssnsss 9 1
FIGURE 3-16 SWAP MUTATION ...cuvieieveeeessausssssssessssssesuesssessenssssessessssnsssssssesssssassssesss sessstesissssssesnsssnsnanssnsnsrasss D2
FIGURE 3-17 SCRAMBLED MUTATION ...oeuvteiueisseesasessasssssssssssasesssaesssessessssssssessassasansssssmsssssenssnssssnssnsssssssssssssnns D2
FIGURE 3-18 GA GENERATIONAL CYCLE .evituviuieisiiassasssnesssssssssansssssnsessnsssssssssssssssnsssssssssssssnasassssesnsassassnssssasss D2
FIGURE 3-19 A GENERATIONAL CYCLE IN SGA ... cuuveeeeeieeisssessssesssssssssiossassssssssssasmessassssssnssansssssassssssrnatasssssnsesiss 93
FIGURE 3-20 PARETO-OPTIMAL GENETIC ALGORITHM ...vveveeovisieeseveesreesseesssessessssasssssssssnssssussasasssnsssasssassiansisins 12
FIGURE 4-1, THE SIMULATOR INTERFACES. ....ceiiureiercimiiniiireiesieesetisiississsasesans e sensssssnsssssassssss snsssssunsasasssnsnsin 76
FIGURE 4-2 SEARCH ENGINE USER INTERFACE .1vvtvtttviiierreraieiiererieeesnesisssaiersrssesesesssssmsssassanarassssss sassnssnsassnnsesss 77
FIGURE 4-3 COST PARAMETER MENU OPTIONS . reeerasreesnsestassanaeanessnsanes SRR LRI T AR ] O
FIGURE 4-4 TO DEFINE COST FUNCTION FOR COST MEASURE .. eeemeseesenene s SRS RO KRN RS RS R R eI 1D
FIGURE 4-5 HARD CONSTRAINT MENU OPTION 80
FIGURE 4-6 SOFT CONSTRAINT MENU OPTION 1.e0tiivevereririeisiaisrreeseessessorarmemessesstasssssssesussiassstissssssssmssssnasssassemas 81
FIGURE 4-7 SOFT CONSTRAINTS DEFINED FOR COMPLETION TIME COST MEASURE......ccreevieeirireessvesnessnasssnesnnes 81
FIGURE 4-8 NON-LINEAR FUNCTIONS ......ctruessuesessesresereessassserssssarsasssessaresasssnsersssssessssssenssbessssssssas ssasasnsnssssssassness 92
FIGURE 4-9 EXPONENTIAL FUNCTION ...uveurvesscssesesssessesssesserssssssnssssssssssssasessssssasssssssssssasnsessssssnsesnsessssesssssnseees O3
FIGURE 4-10 SQUARE FUNCTION ....veeottiotieitesseesseessresontssssesseessesssssontsssessesasessssessassosesaanesssessssssssasnsssassssessassnssans 83
FIGURE 4-11 SIN FUNCTION .. e R R R R R R e 83
FIGURE 4-12 NATURAL LOGARITHM FUNCTION e e G s e s 84
FIGURE 4-13 SEARCH ENGINE MENU OPTION.. e e renne e s ee e R e e 84
FIGURE 4-14 RANDOM SEARCHMENUOPTION Sl T e 89
FIGURE 4-15 USER MENU OPTIONS FOR INlTlALISING GA OPERATIONS .............................................................. 86
FIGURE 4-16 SCHEMATIC OF A POPULATION IN A GENERATION IN THE GA ......ovvervsierremssesasrussssssssassissssssssasss &1
FIGURE 4-17 SCHEMATIC OF NON-OVERLAPPING POPULATIONS USED IN THE GA.....coimnmeimsmmmsinsinssessasssssmnssssns 87
FIGURE 4-18 HIERARCHICAL BREAKDOWN OF A CHROMOSOME .......cutitierrnrrersesnnreesseseneeessneeeseaeneesssssssasssssnns 88
FIGURE 4-19 A SINGLE TRANSPORTATION SCHEDULE FOR TRUCK T1 ..iuviiviiiirraraseaserssssssessessessasasssnssssssssessenss 89
FIGURE 4-20 A CHROMOSOME (SCHEDULE) FOR 4 TRUCKS ....ccuvtieuresiniesunesssunsssnsnessanssessssssssssssnsssssnssasssssansssasss 89
FIGURE 4-21 IMPACT OF LINEAR COST TRANSFORMATIONS ...vuuuuuurusnnnernnnnnnemnasansnassnssnmmnsssnnsnsssssnssssssssssssssrassssns 91
FIGURE 4-22 STEPS IN CHROMOSOME FITNESS EVALUATION ...vecveeutisiirerienremessesssrssssssssssssssssnsessessnssnnssnsssnssnss 32
FIGURE 4-23, FUNCTION TO CALCULATE SCHEDULE FITINESS......eveueeuestrmsrssrssssessssesersssssmssessssssssisssssisssssssssvesnns 92
FIGURE 4-24, FUNCTION TO CONVERT COST TO PROFIT ....evururseserinssssassusssresmsssssorsssssessssensnssnesesssssesssnssnsseasanss 92
FIGURE 4-25 INITIAL POPULATION GENERATION.,. B R R R R s s assasrs 94
FIGURE 4-26, RANDOMLY SELECT TOTAL NUMBER OF TRUCKS.. TGRS WTRE E ense 94
FIGURE 4-27 CREATING A CHROMOSOME (LE.SCHEDULE) .....ccisisessssasiissiaeasastansnsssisinsassssessssnssaressnsssensssasness 99
FIGURE 4-28 FILLSCHEDULEONESTEP FUNCTION. ...viituiisiieeneeresisessesssiesisssassnsessessssassenssssestinssrissiasnsssssisssasnsnes 90
FIGURE 4-29 START TIMES CALCULATIONS .. R R sy O T
FIGURE 4-30 UPDATING CHROMOSOMES WITH START TIMES.. oo e mes e TR s e e D 8

~ N W

_————————————————————————————————————————————————————

XI



Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

FIGURE 4-31 CHROMOSOME COST CALCULATIONS ....cevessemmsriesssasassssssensnens
FIGURE 4-32 SAVE CHROMOSOME COSTTO DB coiiieiiieee st reis it sssssasssssi s s srsssassasssassssessssssssiananaane
FIGURE 4-33 DATA STORAGE FROM A POPULATION.c...vcvvrneeeiissseasassesessnsssssesessessssssenssssasssnmssrasssssnssssesennsensess 103
FIGURE 4-34 POPULATING GENERATIONS.......
FIGURE 4-35 STEPS TO BUILD GENERATIONS ..........
FIGURE 4-36 STEPS TO REPLICATE GA OPERATIONS TO POPULATE A GENERATION

FIGURE 4-37, 0-1 SCALING METHOD .. "
FIGURE 4-38 IMPACT OF SCALING ON CHROMOSOMES FITNESS .......................................................................
FIGURE 4-39 ROULETTE WHEEL SELECTION ..
FIGURE 4-40, ROULETTE WHEEL FUNCTION ..
FIGURE 4-41 A CHROMOSOME REPRESENTING A SCHEDULE

FIGURE 4-42 A CHROMOSOME REPRESENTING A TRANSPORTATION SCHEDULE....c.cutiieimiiiiiiinnriiniieecieneinnniinien
FIGURE 4-43 THE CROSSOVER METHODS IN GA TOOL ....covieiiursmessisrsesssssssassestsnmsmeaseessmammassiosmsnnsmsassossissmsaamans
FIGURE 4-44 TOP VIEW ON PARENT CHROMOSOMES....
FIGURE 4-45 GENERATED OFFSPRING ....ceevisiiisssssssssssesssesssesisassnssssisssastssssasinssasssssnssssssessesssssrannssansnssnsesssasssssss
FIGURE 4-46 SCHEDULE 1 AFTER CROSSOVER..
FIGURE 4-47SCHEDULE 2 AFTER CROSSOVER...
FIGURE 4-48 SERIES OF FUNCTIONS TO IMPLEMENT FIXED LENGTH CROSSOVER METHOD 114
FIGURE 4-49 MUTATION METHODS IMPLEMENTED IN THIS APPLICATION
FIGURE 4-50 A CHROMOSOME BEFORE MUTATION OPERATION ... cisesssesrsssessnssssnnrrarsnnsssssrasasssssssssaanssssnnansnasnses
FIGURE 4-51 MUTATED CHROMOSOME...
FIGURE 4-52, CLASSIC MUTATION OPERATOR
FIGURE 4-53 SELECTION OF OBJECTIVES FOR PARETO OPTlMAL SEARCH

FIGURE 4-54 COST PER TON OF POLLUTANT
FIGURE 4-55 PENALTY COST ON VIOLATING THE COMPLETION TIME CONSTRAINTS ...cuviusureressscsisnsnsnsnmsnesennes 134
FIGURE 4-56 NON-LINEAR PENALTIES FOR ENVIRONMENT COST
FIGURE 4-57 PENALTIES ON THE SAFETY COST VIOLATIONS . .uuuuerteereniisiiiiusnmnsssrssesssesmmarmmsmmsssnsasssssassssssansene
FIGURE 4-58 PENALTIES OF SERVICE LEVEL VIOLATIONS
FIGURE 4-59 PENALTIES ON IDEAL TIME .. i
FIGURE 5-1 WITNESS MODEL DEVELOPMENT INTERFACE
FIGURE 5-2 DISPLAY MENU OPTION ...uututvtetetseiearsrerersereresesesssosssstsesssmmasssassssssssssassssssrssmssssssrsstsinsiors i
FIGURE 5-3 DETAIL MENU OPTION FOR A BUFFER ELEMENT .. - G GTR
FIGURE 6-1 MODELLING REFINERIES IN WITNESS SIMULATION ENVIRONMENT .............................................. 164
FIGURE 6-2 THE MAIN TYPES OF LPG FLUID IN THE MODEL
FIGURE 6-3 TANK OBJECT DETAIL PROPERTY PAGE..
FIGURE 6-4 SCHEMATIC VIEW OF PROCESSES IN A BOTTLING PLANT R 1 08

FIGURE 6-5 SCHEMATIC VIEW ON RAW MATERIAL INLET PROCESSES 168
FIGURE 6-6 UNLOADING DECSION PROCESS .. eeevesresernsessssaassseserasessssensranee 109

FIGURE 6-7 SIMULATION MODEL VIEW OF RAW MATERIAL INLET OPERATIONS p— .
FIGURE 6-8 SEASONAL CUSTOMER DEMANDS [CODE 1, 2, 3 = SPRING, CODE, 4, 5, 6 = SUMMER AND ETc ] ..... 172
FIGURE 6-9 ARRIVALS OF CUSTOMERS TO A BOTTLING PLANT ....oitvtsvivereereererererserersssassesssassssssssssrmessessnssssrerss 173
FIGURE 6-10 CUSTOMERS ARRIVALS TO BOTTLING PLANTS
FIGURE 6-11 GAS CYLINDER PART WITH ARRIVAL PROFILE ... u0uuecnurmurransssssnassssessensassssssmnsssssnnsssssssssiossinesios
FIGURE 6-12 DIFFERENT PROCESSES THAT A CYLINDER GOES THROUGH s
FIGURE 6-13, MODULE AND ITS CONTENTS ....eiveuiitiitiitiiaratnessnstesssssetste e sensssnssnssasebsassatebs b nes b asnasnsstnsanass
FIGURE 6-14 SIMULATION MODEL VIEW SHOWING INPUT & OUTPUT OF A BOTTLING PLANT ......ccconiiiniennnn. 177
FIGURE 6-15 TRANSFERRING SCHEDULES FROM DB TO THE SIMULATOR .. e
FIGURE 6-16 SCHEMATIC VIEW SHOWING DATA TRANSFER TO THE SIMULATION MODEL

FIGURE 6-17 ROUTE DATABASE TABLE ..c.coovviuuvertirirertrreeesesssssneteessorimassatesssssissinssssinssssnsssasssssisssmnsssnsstsssasns
FIGURE 6-18 DATA FROM ROUTE DATABASE TRANSFERRED TO SIMULATOR.......ceoviemiirirrerenisessissnsssssssunesssnans
FIGURE 6-19 TRANSPORTATION VEHICLES ...euvevvveeareerermereesessmsessecssmasssustmammemeeeessseassssssssnsssismismmasmmsteiios
FIGURE 6-20 BREAKDOWN MENU OPTIONS .. s

FIGURE 6-21, VALIDATION, VERIFICATION AND ESTABLISHING CREDIBILITY [121]
FIGURE 7-1 RANDOM SEARCH TO FIND THE MINIMUM TRAVELLED DISTANCE ..
FIGURE 7-2 MINIMUM TRAVELLED DISTANCE USING GA SEARCH METHOD.....cccoeimmummrrersrsnnesssseermnsneeeenieenes
FIGURE 7-3 MINIMUM SCHEDULE COST OBTAINED USING RANDOM & GA SEARCH METHODS.........coenniieunee 199
FIGURE 7-4 REPLICATIONS CONDUCTED TO FIND OPTIMUM VALUES FOR PC AND PM....ccoivviverinricniinnnnens 201
#

XII




Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

FIGURE 7-5 AVERAGE MINIMUM COST OBTAINED .. e 201
FIGURE 7-6 INFLUENCE OF POPULATION SIZE ON GA PERFORMANCE........ i i 202
FIGURE 7-7 AVERAGE CPU TIME CONSUMPTION FOR DIFFERENT POPULATION SIZES ............................. 203

FIGURE 7-8 COMPARISON OF SELECTION METHODS PERFORMANCES ........ccoccvmmnsennns v 204
FIGURE 7-9 IMPACT OF TOUR SIZE IN TOURNAMENT SELECTION.... A |1
FIGURE 7-10 SELECTIVE PRESSURE VARIATIONS ...1tvrerereiseesereessisseremisesisssiraiatsmsnmmsesertaesssesssmisniessssesasissnanas 207
FIGURE 7-11 GA PERFORMANCE USING CROSSOVER 1- MUTATION 1..c.iiiiiiiiiiiiiiiiinen i 209
FIGURE 7-12 GA PERFORMANCE USING CROSSOVER 2, MUTATION] ... v 209
FIGURE 7-13 GA PERFORMANCE USING CROSSOVER 3, MUTATION 1. e 210
FIGURE 7-14 GA PERFORMANCE USING CROSSOVER], MUTATION 2. ane211
FIGURE 7-15 GA PERFORMANCE USING CROSSOVER 2, MUTATION 2. e 212
FIGURE 7-16 GA PERFORMANCE USING CROSSOVER 3, MUTATION2 .. e 212
FIGURE 7-17 IMPACT OF ELITISM ON GA PERFORMANCE .........ccuuree. cen e b a2 1 4
FIGURE 7-18 (%) SCHEDULE COST REDUCTION USING ELITISM .. cevivavmssicnasan 2 15
FIGURE 7-19 INVENTORY LEVEL, DEMAND AND DELIVERY ANALYSIS FOR BABOL BP R —— L
FIGURE 7-20 LPG VOLUME INTO AND OUT OF BABOL INVENTORIES....c..coiitiiiriitmermriosiosinen e ssnisssssassssssnans 220
FIGURE 7-21 ESFAHAN INVENTORY ANALY SIS ...eeivttvuureurmunnereeesarestsioseesestsreesmsstanmmnmintinarmessaiitimiiamsimmsimsrmmnsie 220

FIGURE 7-22 ESFAHAN LPG VOLUME ANALYSIS ....vvevevessesesssisessssssssssssssssssssnsasssssssnssessssssssssasssssssssssssssnsssssss 22 1
FIGURE 7-23 KARAJ INVENTORY ANALYSIS «v.v.vrereveeseeseseseeeeasssssessasnesssesssmssssrsssssssesssassssssnssssssststsasassesesssssnenes 222
FIGURE 7-24 KARAJ LPG VOLUME ANALYSIS «...vseeeeveeeusaesssssassssssssssassarsssssrassessssessasssssstssssssssssessasssassssssnsssses 222
FIGURE 7-25 MASHHAD INVENTORY ANALYSIS .. e resssa At RS AR Eenassenis e TSSO R 223
FIGURE 7-26 MASHHAD LPG VOLUME ANALYSIS e R 223
FIGURE 7-27 BABOL INVENTORY ANALYSIS AFTER MODIFICATIONS e RS 225
FIGURE 7-28 BABOL LPG VOLUME ANALYSIS AFTER MODIFICATIONS e RT i 2 20
FIGURE 7-29 ESFAHAN MODIFIED INVENTORY ANALYSIS .ceecieeecsreiseisiisiirnenerersseseserasssssssisissnsnssanassasssnasssnnss 227
FIGURE 7-30 ESFALIAN MODIFIED LPG VOLUME ANALYSIS.....uoueveeerrseruerersseessssesmermssessisssnsssssssssssssasassanias 22 1
FIGURE 7-31 KARAJ MODIFIED INVENTORY ANALYSIS...eieveveverireressesissssssssssssesemsssssssssssssssassasssssmsasssseasasass 228
FIGURE 7-32 KARAJ MODIFIED LPG VOLUME ANALYSIS ...oviuiviriraissssesastessassssasssisssssssssassstessasasserssssensssssasise 228
FIGURE 7-33 MASHHAD MODIFIED INVENTORY ANALY SIS . iiccevuurererrereiisntmesirtnseeaeasssasionnastesseesssnmmsiiaineninee 229
FIGURE B-1 BEFORE OX CROSSOVER OPERATION ..
FIGURE B-2 COPPING THE SELECTED FRAGMENTS INTO THE CORRESPONDING OFFSPRING
FIGURE B-3 CHROMOSOMES BEFORE CX CROSSOVER
FIGURE B-4 TAKING THE FIRST GENES FROM EACH PARENTS ...
FIGURE B-5 COMPLETED CYCLES.. O
FIGURE B-6 THE REMAINING GENES ARE FILLED..
FIGURE B-7 ILLUSTRATION OF MULTI-OBJECTIVE OPT]MISATION

FIGURE B--8 PARETO OPTIMA SET .. P R e P s
FIGURE B-9 RANDOMLY GENEIU\TED OFFSPRING s
FIGURE B-10 DOMINANCE CHECK FOR PARETO OPTIMAL SET ..
FIGURE B-11 A DELTA CODING FLOWCHART ...c.ceverrmrummuriierissieeeeiisiiassssnssssssssases
FIGURE C-12 MENU OPTIONS USED TO DESCRIBE A LOGISTICS SYSTEM .............
FIGURE C-13 LIVE PLOT MENU OPTIONS ...oetveveericimmssseisssssssssssssssissssmmrssnenssnnes
FIGURE C-14 SCHEDULE VIEW MENU OPTION.....c0eeivirrieimssesmiarssssmnnsssssssssssssnses
FIGURE C-15 TRUCK SCHEDULE GENERATED ......vvveerieecimsieamiomsnnsussesssaserassanes
FIGURE C-16 SCHEDULE VIEW COST BREAKDOWNS .. L m
FIGURE C-17 DATABASE TABLES TO HOLD INPUT DATA FOR TRANSPORTATION SYSTEM ........
FIGURE C-18 DATABASE TABLES USED TO PROCESS GA OPERATIONS ......ocutiiimrereiisanssssssansnns 5
FIGURE C-19 DATABASE TABLES USED TO HOLD OUTPUT DATA FROM GA OPERATIONS ....ueviessnssssssiisnesssasnsssans
FIGURE C-20VB PROGRAM CLASS MODULE STRUCTURE ....ccovvieiieiiiiiviininessnsnssssssssssmassnans
FIGURE C-21CLSREFINERYDATA .. s T T T T T R T R R NS SR e iR
FIGURE C-22 CLSCONNECTION... e oo R S R R e
FIGURE C-23 CLSDBHANDLER MODULE

FIGURE C-24 DATA PROCESSING USING CLASSES -
FIGURE C-25 DATABASE INTERFACE FOR GA- SIMULATOR LINK
FIGURE C-26 SIMULATION OUTPUTS MENU OPTIONS ..11uveeeeeteireeremsisteesesensiisssmmsmmsesssssemmmamnrmnsiasssiasisssssarssammsanes
FIGURE C-27 BESTCHROMOSOME DATABASE TABLE ..vuuvussessessssssrsasssssssssssssassssssresssessstasassssrensstsarssssssssssssssansans
FIGURE C-28 PRE-SCALE FUNCTION w.cctieurersssisssssssssnssssassasassisssssasiasassassssssnsssas ssssassanssnssssansssnssemnsnssssssbssstartsnsss




Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

FIGURE C-29 SCALE FUNCTION....
FIGURE C-30 SCALEOP FUNCTION
FIGURE C-31 SCALING USING LINEAR TRANSFORMATION
FIGURE C-32, LINEAR SCALING MECHANISM.. -
FIGURE C- 33, RANKED BASED FITNESS ASSIGNMENT METHOD

FIGURE C-34 TOURNAMENT SELECTION SEQUENCE ....cvccoviisirmsmassnnsrsssinssssssssassssssnssissasasassessasasissssssasssssnsssissnsas
FIGURE C-35, TOURNAMENT SELECTION METHOD ....
FIGURE C-36 CROSSOVER OPERATION..
FIGURE C-37 VARIABLE LENGTH OFFSPRING GENERATED ...................................................
FIGURE C-38 VARIABLE LENGTH OFFSPRING | ....veviviserassssssusssesssersesessssssssnssmisssesssnsssessssnsnsssasssssvasssssesssssassassesns 19
FIGURE C-39 VARIABLE LENGTH OFFSPRING 2 «...veuevissssssesssssnsssssssessessssssssssnensesssssssssiassssassssssasassssssssassssassesns 19
FIGURE C-40, VARIABLE LENGTH CROSSOVER METHOD........cccecemueiunins U= |

FIGURE C-41 RANDOM SELECTION OF GENES FROM PARENT CHROMOSOMES .....cvvuervareesessssssssmenesssssississssnsssses 20
FIGURE C- 42 SELECTION OF INDIVIDUAL GENES FROM PARENT CHROMOSOMES .21
FIGURE C- 43 MODIFICATION OF THE FIRST GENE.. .21

FIGURE C-44 OFFSPRING 1: UPDATING THE FIRST CHROMOSOME ...................................................................... 21
FIGURE C-45 PARTIALLY MAPPED UNIFORM CROSSOVER........
FIGURE C-46 A GENE BEFORE INVERSION ....cccieiiririeeesssssssrassssssssssssssnistsssssossisssessssssssssssssbssssssssssssssssntsnanmssinnnins
FIGURE C-47 A GENE AFTER INVERSION MUTATION ..
FIGURE C-48, INVERSION MUTATION OPERATOR ..

FIGURE C-49 FUNCTION1, USED TO UPDATE M_ COLELITECHROMOSOMES & COLCOPYELITE COLLECTION ..... 24
FIGURE C-50, FUNCTION 2, COMPARING ELITE COLLECTION TO UPDATE CANDIDATE DATA COLLECTION........ 24
FIGURE C-51, REMOVING LESS COMPETITIVE CHROMOSOMES FROM ELITE COLLECTION AND DATABASE......... 25

FIGURE C-52, FUNCTION 4, CHECKING THE ELITE CHROMOSOME’S IDS, TRANSFERRING GENERATION.............
FIGURE C-53 PARETO OPTIMAL SEARCH ....eeieeiereererenensessssessesssnsessssnsessasissssssssssssssss sasnannnssseshansssssassasensssssaniaes
FIGURE C-54 DOMINANCE CHECK FUNCTION ..
FIGURE C-55 PARETO DOMINANCE CHECK .. i
FIGURE C-56 CHECKING DOMINANCE OF EACH SCHEDULE IN A POPULATION
FIGURE C-57 GENERATE NEW SCHEDULES IN PARETO SEARCH ..

FIGURE E-58 THE FORCASTING MODEL USED TO ESTIMATE THE TOTAL DEMAND FOR LPG
FIGURE E-59 A FORCASTING MODEL USED FOR KARAJ BOTTLING PLANT ..cvviiiiiinisrnserimrsne cesennnnsssssssnssssssssnssnsanes
FIGURE E-60 PLANNING STAGES IN SUPPLY CHAIN OPERATIONS .....ccocoeiunnnee
FIGURE E-61 INVENTORY CONTROL CHART FOR KARAJ BOTTLING PLANT ..ccrciivirsnressssnsessssssnnnssassnmesssnsannsessaase
FIGURE E-62 THE PURCHASING PROCESS IN THE SUPPLY CHAIN ......cutuiississssssssnnnnsnnsnsssessseserassssssnnssnnsnassnsssnsnrnnnss
FIGURE E-63 LPG SUPPLY CHAIN COST voeitieivetiiireeernrreeeeseesssssssnsssusssasssrssasssssasssssssssssesesanmsmmsmssmnansnssssssssassssnnion

XIvV



Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

List of Tables
TABLE 2-1, SOLUTION STRATEGIES IMPLEMENTED BY DIFFERENT VRP HEURISTICS ...cccmiminsiereneueseresesensererenes 27
TABLE 2-2 CLASSICAL HEURISTICS USED TO ADDRESS VRSPS ..1civviiiieiiriireisasmmarsessesssssnsesesrasssesasssnssesnsssnseses 29

TABLE 4-1 CHROMOSOMES COSTS AND THEIR RESPECTIVE FITNESS
TABLE 4-2 SCALING FITNESS VALUES USING (0-1) METHOD ...vveeriereriesiessncitnssressasssesestessasssasssasnrassessaeeanse
TABLE 4-3 LABOUR COST CALCULATIONS ..
TABLE 4-4 TRANSIT INVENTORY COST ........
TABLE 4-5 RECORDING TRANSIT INVENTORY FOR A PROCESSING PLANT.......c..
TABLE 4-6 PARTIAL DEMONSTRATIONS TO CALCULATE INVENTORY COSTS FOR BOTTLING PLANTS .. .
TABLE 4-7 SAFETY COST BREAKDOWN .........seieaesseiaiaistiesseis s iiisteeietiaaio s s e v rsnrssansssssnsensssssesasansansanes
TABLE 4-8 ASSOCIATED TRUCK COSTS .oeiiieieeiieeinreereeeereeriiseareesesssssssisesssssssseessmssssessisiosessvsssmsnsssssssssssssnsasssnses
TABLE 4-9 HUMAN FACTOR COST CALCULATIONS ..
TABLE 4-10 CONSTRAINTS ON COMPLETION TIME ...uvureerasusseessssseasessssnsesssssssnsmsnasssmnssssassassassssssnsssssrnsnerasansesses
TABLE 4-11 CONSTRAINTS ON ENVIRONMENTAL COSTS .
TABLE 4-12 CONSTRAINTS ON THE NUMBER OF ACCIDENTS .cccetitiiiieeiinsisssisrmasssmmsmssissssssssssssnnsssasssssssssasnrnsces
TABLE 4-13 CONSTRAINTS ON SERVICE LEVEL...
TABLE 4-14 CONSTRAINTS ON IDEAL TIME .

TABLE 6-1, THE LPG SUPPLY PATTERN FROM REFINERIES IN THE YEAR 2003 (TONES)
TABLE 6-2 AVERAGE MONTHLY MINIMUM AND MAXIMUM WAITING TIMES IN MINUTES FOR REFINERIES ....... 166

TABLE 6-3 LOADING TIME IN MINUTES .. e aessaiaeas: 1 00
TABLE 6-4 STATISTICAL DISTRIBUTIONS USED IN THE SIMULATION MODEL O S NRRRVOON I o I |

TABLE 6-5 QUEUING CAPACITIES FOR BOTTLING PLANTS v..ceiuviesssssssanenianns
TABLE 6-6 UNLOADING TIMES AT BOTTLING PLANTS ...cecivttreeretteiierererisrseriistsestnters s ssisssistssssensssssesssssnssssssess
TABLE 6-7 LPG RESERVOIR CAPACITIES PROVIDED BY BOTTLING PLANTS....coteterieimiiiiiiinienieeieinns

TABLE 6-8 DISPATCHING STOCK CAPACITY AVAILABLE IN EACH BOTTLING PLANT

TABLE 6-9, DAILY WORKING SHIFT PATTERNS INCORPORATED BY DIFFERENT BOTTLING PLANTS ...ccceinniians 174
TABLE 6-10 INSPECTION TIMES FOR BOTTLING PLANTS.. . 176
TABLE 6-11 LOADED/ UNLOADED VEHICLE SPEEDS FOR A NUMBER OF TRANSPORTATION ROUTES ............... 180
TABLE 6-12 INDICATING THE ATTRIBUTES ASSIGNED TO DUMMY PARTS ..ccvnvriiiertiiiiiinmniiiniiieiieinisineaeeeeaeaeaes 181
TABLE 6-13 TRANSPORTATION SCHEDULE ....vcvtivtsiessersesssssesnesssssssesssasersssssassssssenssssesssssassesssnsonemsisssesissssssres 183
TABLE 6-14 TRUCK'S MAIN ATTRIBUTES .....vtiveeueeesisseessessassesasesssssssasessssasesssssessassassesssssssesiessassesiasssissansasansins 183

TABLE 6-15 UPDATED ATTRIBUTES..
TABLE 6-16 AVERAGE MONTHLY INVENTORY LEVELS OF BOTTLING PLANTS FROM SIMULATION MODEL..... 190

TABLE 6-17 AVERAGE INVENTORY LEVELS FOR BOTTLING PLANTS FROM THE REAL SYSTEM......ccccceeeiennnnnne 190
TABLE 6-18 RESULT OF WELCH CONFIDENCE INTERVAL FOR INVENTORY LEVELS ....c.ccovvimiiiiiiieninien e 191
TABLE 6-19, AVERAGE MONTHLY LPG CYLINDER OUTPUTS FOR BOTTLING PLANTS FROM MODEL ............. 191

TABLE 6-20 AVERAGE MONTHLY LPG CYLINDER OUTPUTS FROM BOTTLING PLANTS FROM .
TABLE 6-21, RESULT OF WELCH CONFIDENCE INTERVAL FOR LPG CYLINDER DEMANDS ......ccvoinininienneeenne
TABLE 7-1 SUPPLY AND DEMAND LEVELS ..
TABLE 7-2 DISTANCES LINKING SOURCES AND DEMANDS POINTS

TABLE 7-3 MINIMUM DISTANCE TRAVELLED USING TORA ..
TABLE 7-4 MINIMUM SCHEDULE COST FOR DIFFERENT POPULATION SIZES
TABLE 7-5 MINIMUM COST SCHEDULE OBTAINED FROM DIFFERENT SELECTION SCI—[EMES .............................
TABLE 7-6 IMPACT OF SELECTION POOL SIZE ON THE GA PERFORMANCE .....ceovevreiriiiieiiiiiiiiinniinineeeiirecssannnae
TABLE 7-7 SELECTIVE PRESSURE MEASURES .. o
TABLE 7-8 STATISTICS FOR CROSSOVER 1 MUTATION 1
TABLE 7-9 STATISTICS FOR CROSSOVER 2-MUTATION 1..uciviiiiiuieeereiissiiisssassssssssssssassassssssssssnsssinssssississnssns
TABLE 7-10 STATISTICS FOR CROSSOVER3-MUTATION 1 ..iiiiiiiiricimnnsmmsrmmsssorsssnmmimesssssseessnasnssstasmsssssnnssssssussses
TABLE 7-11 IMPACTS OF CROSSOVERS ..
TABLE 7-12 STATISTICS FOR CROSSOVERl MUTATION 2
TABLE 7-13 STATISTICS FOR CROSSOVERZ2-MUTATION 2 ...vieireiieieiessssssnssnsssasssmsnmassisssssssnassesssssssessnnssssesssneans
TABLE 7-14 STATISTICS FOR CROSSOVER3-MUTATION 1
TABLE 7-15 AN OVERALL IMPACT OF CROSSOVERS AND MUTATIONS ON GA PERFORMANCE .....cociimimmmiraaianns
TABLE 7-16 THE IMPACT OF ELITISM ON SCHEDULE COST c.uvetttrtreteirieesiiinaiutieeseeemsmsissnsesisimnssssisssssassssas

ﬂ

XV



Development of a Hybrid, GA based DSS for VRS in
Supply Chain Logistic Management

TABLE 7-1 7 BABOL IRVENTORY. STATISTICS Lcisiusivsivsmimivssanssustomaiieoaisssndtheedovadss saisirass chvasvulidhinsnsviivesstanaiis 225
TABLE 7-18 ESFAHAN INVENTORY STATISTICS .... S . 226
TABLE 7-19 KARAJ INVENTORY ANALYSIS covvieiriciiiiminneiininnins R A S RS e N RS R R O3 TR VAN RS 228
TABLE 7-20 MASHHAD INVENTORY STATISTICS <.cevvevvrrisenens R R B
TABLE A- 1 CLASSICAL HEURISTICS FOR SINGLE OR]GIN & DESTINAT[O‘N PO[NTS ........... T ———————— 6

TABLE A-2 CLASSICAL HEURISTICS FOR MULTIPLE ORIGIN/DESTINATION POINTS
TABLE A-3, CLASSICAL HEURISTICS FOR TSP (VRP)...
TABLE A-4 CLASSICAL HEURISTICS FOR CHINESE POS’ ['MAN PROBLEM (CPP) ...........................

TABLE A-5, CLASSICAL HEURISTICS USED TO ADDRESS VRPS.....cocovriiiiiiirinniiiinsesnsinaan

TABLE A-6 CLASSICAL HEURISTICS TO ADDRESS VSPS ..viveinnnns

TABLE A-7, CLASSICAL HEURISTICS TO ADDRESS VRSPS [A-7] i
TABLE B-8 HYPOTHETICAL TRANSPORTATION'SCHEDULES i:ciceuaisssnivasisionaivussssssisisss cdssvrssssarbiisasanannssiasnsiansaessn
TABLE D-9 SIMULATION PACKAGES VS. GENERAL-PURPOSE LANGUAGES

XVI



Development of a Hybrid, GA based DSS for VRS in

Supply Chain Logistic Management

Items used

=
°

List of Abbreviations

Abbreviation Items used

Abbreviation

W N b WS

Agent Based Modelling and Simulation Non-standard Genetic algorithms NGA
Air Pollution Object Linking and Embedding OLEII
Analytical Hierarchy Process Object Oriented Programming OOP
Approximation Method Old Population OldPop
Artificial Intelligence Pareto Optimal Genetic Algorithm POGA
Asset Management Tool Partially Mapped Crossover PMX
Distributed Discrete Event Simulation Physical Processes PS8
Dynamic Genetic Algorithms Probability of Crossover Pc
Dynamic programming Probability of Mutation Pm
Enterprise Resource Planning Purchase Orders PO
Environmental Cost Request for Quote RFQ
Expert Systems Restricted Tournament Selection RTS
First-In-First-Out strategy Safety Cost SAFC
General Pickup and Delivery Problem Schedule Completion Time SCT
Genetic Algorithm Service Level SL
Granular Tabu Search Shortage cost sC
Graphical Information System Simple Genetic algorithm SGA
Holding Cost Simulated Annealing SA
Human Factor Costs Small to Medium sized SME
1BM Supply Chain Analyser Steady State Genetic algorithms SSGA
Independent Identically Distributed Surface Transportation Economic Analysis Model STEM
[nteger Programming Supply Chain Management SCM
[nventory cost Tabu Search TS
[Lagranean Relaxation Travelling Salesman Problem TSP
Linear Programming Unit Periods of Waiting UPW
Liquefied Petroleum Gas Vector Evaluated Genetic Algorithm VEGA
Maximum Number of Generations Vehicle Routing and Scheduling activities VRS
Mean Time Between Failures Vehicle Routing Problems VRP
Mean Time To Repair Vehicle Scheduling Problem VSP
Mixed-Integer Programs Vehicle Scheduling Problem with Length of Path Restrictiong  VSPLPR
Multi Population Genetic Algorithms Vehicle Scheduling Problem with Multiple Depots VSPMD
Neighbourhood search Vehicle Scheduling Problem with Multiple Vehicle Types VSPMVT
Neural Networks Vehicle Routing and Scheduling with Backhaul Time Windoy VRSBTW
New Population NewPop Vehicle Routing and Scheduling with Time Windows VRSTW
Noise Pollution Cost ECN Washington Department Of Transportation WSDOT
Non-Polynomial NP Water Pollution Cost ECW
World Wide Web WWW

XVII




Chapter 1:Introduction

1.1 Introduction

Logistics management as a component of the supply chain involves managing the flow and
storage of materials and information across the entire organisation with the aim to provide
the best customer service in the shortest available time at the lowest cost. Some of the
problems related to logistics management may be considered as: selection of distribution
channels, determination of customer service level, location planning, inventory
management, transportation means selection, fleet composition, vehicle routing and

scheduling [1].

Transportation is one of the key activities of logistics management that may vary from firm
to firm. Transportation plays an important role in both the physical supply and distribution
phases of the logistics. Companies have realised that organising the supply of incoming
parts and out going goods can account for 10 % of their costs [1]. Also, several studies have
reported that transportation, as the largest element in logistics costs, typically accounts for 5
% of the product value [2]. Therefore, companies besides reengineering and scrubbing the
waste from their assembly lines have noticed logistics seems worthy of rather closer

attention.

One area that determines the efficiency of transportation management is the Vehicle
Routing and Scheduling activities (VRS). The vehicle routing is concemed about the
movement of vehicles and the vehicle scheduling gives explicit consideration to time for
vehicle movements. In general, most real world VRS problems are perceived difficult to
manage. The difficulties are mainly due to the commonly inherited characteristics of VRS

activities. The VRS problems are typically subject to:

e Large Decision Space: Most VRS problems consist of a large number of decision

variables and the possible options/strategies available to satisfy a problem are difficult
to understand, evaluate and prioritise.

o Uncertainty: this is an inherent feature of a typical VRS environment; decisions must
be made with uncertain and incomplete knowledge about the future situations (e.g.

#
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supply acquisition, resource availability and demand levels). In addition, unexpected
operational events within the execution environment (e.g. supply delays, breakdowns)
need to be handled.

e Complexity: VRS problems consist of numerous components characterised by their
dynamic behaviour and high interconnectivity. Understanding the dynamic behaviour of
such problems and solving them is usually difficult.

e Highly Constrained: in a supply chain, the production and logistics processes are

driven by a diverse and often contradictory set of constraints ranging from production
objectives (e.g. efficiency, quality, profitability) to physical constraints (e.g. resource

capabilities, utilisation requirements, operating preferences).

The shear complexity of VRS activities will be even more evident with increased
competition and changing demands in the marketplace. Given the complexity of such
problems and their abundance, the application of computer systems, particularly decision
support systems to address VRS problems is expected to increase significantly. Considering
the potential benefits of such applications the early expectation was that organisations
would adopt these systems with enthusiasm. However, very few organisations adopted such
systems. Also these organisations were mainly large in size as reported in [3]. In practice,
organisations tend to rely on schedulers to manage their VRS activities using combination

of skills, intuition and experience.

The failure in application of such systems within organizations indicated that the
conventional approaches to VRSPs were not addressing the problems actually faced by the
logistics managers. Based on the survey conducted in this research work it was obvious that

the conventional approaches presented a number of shortfalls. These approaches

e Failed to represent real situations,

e Required high computation time,

e Limited in applications,

e Context dependent,

e Failed to consider multiple conflicting criteria,

¢ Failed to supply alternative solutions,

- == ———————————_———.,. ... = —— —————
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e There is a lack of considerations for route selections, resource utilisation, unfulfilled
demands, underused capacities, reliability of deliveries, fleet size, human fitness and
operational cost.

e Failed to realise non-linearity within objectives and constraints defined for VRS
problems.

e There are no clear distinctions between hard and soft constraints considered in these
methods.

e Failed to capture stochastic and dynamic nature of the logistics processes.

Therefore, handling the VRS operations in the supply networks call for new approaches to
better understand logistics processes and also new methods and models to deal with

logistics operations and activities in a more effective way.

1.2 Research Objectives

To address the shortfall of the existing approaches, this research presents the design and
development of a hybrid genetic algorithm based decision support system to assist logistics
management with VRS activities. Some of the novel aspects considered in designing the

proposed DSS are:

e Providing a flexible means to formulate both single and multi-criteria VRS optimisation
problems. Also, allowing for real world constraints considerations.

e Considering all relevant supply chain logistics performance measures in setting the
objective function formulation.

e Providing flexibility in defining linear and non-linear relationships both in terms of
system’s objectives and also constraints.

e Facilitating a better approach to delivery times, route selections, resource utilisation,
unfulfilled demands, underused capacities, environmental, safety, reliability of
deliveries, fleet size, human factors, inventory analysis and operational costs in VRS
problems which are traditionally neglected in addressing these problems.

¢ Providing a more flexible way to model stochastic, dynamic and complex relationships,
which exist in logistics systems, which are also neglected in conventional approaches.

e Providing alternative solutions with high credibility and reliability for real system
applications to support decision-making.
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1.3 Significance of Decision support systems

The development of an efficient DSS for managing VRS activities would lead to a more

widespread application of this concept resulting in significant savings for the logistics

industry. The potential benefits provided by such systems could be described as:

Less dependence on personnel experience: this is one of the main benefits of such

systems. The dispatching operations particularly in Small to Medium sized (SMEs)
companies are manually managed and it is highly dependent on the experience of the
manager in charge. This would cause major problems if the experienced personnel
decide to leave this job either temporarily or permanently. Training of new staff tends
to follow a long learning curve, which may be substantially shortened by the proposed
DSS. Therefore, the aim of this DSS is to generate acceptable solutions, which serve as
examples and will provide the opportunity for the investigation of alternative scenarios.

Enhancing work_environments: the proposed DSS considers a large amount of data

look-up, computations, and constraints to provide alternative solutions. In this way it
would provide a better work environment and faster response time.

Improving decision_guality: the DSS provides a means for testing and evaluation

alternative solutions therefore it would improve decision quality. Finally, the aim is to

build a DSS suitable for staff with minimum analytical skills to prevent any further

dependency on data processing or operation research skills to keep the system running.

In addition, the generated solutions could be used to assist decision making at different

management levels:

o Strategic level: the schedules provide the manager with transportation planning and
fleet composition.

e Tactical level: the schedules are used to indicate the allocation of resources to the
general transportation plan.

e Operational level: this level refers to the detailed scheduling of routes and tours on

a daily basis.

1.4 Motivation

To examine the capability of the proposed DSS, it was decided to apply this tool to a real

case distribution problem. For this reason Fergas (Ltd.) which is a Liquefied Petroleum Gas

(LPG) Distribution Company was considered. This company represents a Small to Medium

Ve ———————————————————— L 1
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sized Enterprise (SME), involved with distribution activities. The main objective of this
company is to provide customers with bottled LPG cylinders. For this reason, the company
needs to supply its bottling plants with LPG from available refineries, which are dispersed
geographically. The transportation is mainly carried out by means of a given fleet and the
objective is to provide the required demand at the right time and the lowest possible cost.
This company is located in Iran and it consists of a number of bottling plants to cover the
need for LPG at different local markets. Figure 1-1, describes the LPG supply chain for this
company. The following sections briefly describe the main components of this

organisation.

Figure 1-1 An overview of LPG supply chain

141 LPG Supply Chain

Figure 1-2 illustrates, the integrated supply chain for LPG within Fergas organisation. The
main elements of this supply chain could be described as follows:

e _=————————————— = = ——————————
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Figure 1-2 An Integrated Supply chain for LPG

1.4.2 Suppliers:

Suppliers are the gas refineries that are used to LPG to be used by different LPG processing
companies. These refiners are located in different geographical locations and they produce
variable and limited amount of LPG. There are a number of refineries that are used to
provide LPG from but some of the main ones are located in cities known as Abadan,

Bandar Abas, Esfahan and Tehran.

143 Bottling Plants:

The bottling plants are the LPG processing facilities. These facilities are used to process
LPG into gas cylinders to be used by the end customers. These facilities are dispersed
geographically. They are in charge of providing the demand for LPG in their respective
local markets. In the considering supply chain there eight main bottling plants located in

cities known as: Babol, Esfahan, Karaj, Kashan, Kerman, Qom and Yazd. The LPG

= ———~————— /7]
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consumption by each plant varies and it is mainly seasonal. As indicated in Figure 1-3, the
demand for LPG is usually high during the cold seasons (winter & fall) and low during the

warm seasons (spring & summer).

Each facility is equipped with LPG storage reservoirs, filling equipments and material
handling equipments. As shown in
Figure 1-2, the LPG is withdrawn from the storage facilities as needed by the production

centre, which in this illustration comprises three work centres as follows:

e Work centre 1: Here the raw material, which is LPG, is compressed and it is inserted

into 11 Kg gas Cylinders. The inputs to these stations are LPG and Gas Cylinders. The
output is the finished products, which are sent to the next operation.

e Work Centre 2: Here the Gas cylinders are inspected for any defects and Leakages.

Upon the acceptance, the cylinders are sent to the next stage.

e Work Centre 3: The accepted cylinders are the finished products, which are stored in

the finished product storage.

]
]
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Figure 1-3 Forcasted seasonal demands for LPG

The deliveries are accomplished with surface transportation such as trucks. These trucks
could have different storage capacities. Trucks are typically hired and there are also some

trucks owned by the company for transportation.
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One of the main tasks of the logistics manager is to provide each processing facility with
their required demands of LPG. The manger is faced with a dynamic environment, where
supply sources, processing plants and resources are subject to stochastic behaviours. Based
on the demands, the manger determines the routes and schedules on a daily basis for a
number of vehicles from refineries, to supply processing plants to maintain an acceptable

service level and at an acceptable cost to the company.

There exist a number of operational constraints in the real system that impacts the effective
resource planning. Some of these factors are manpower availability, vehicle availably,
environmental restrictions such as weather and road conditions, traffic, human factor
restrictions, supply availability, processing plant breakdowns, inventory levels and delivery

time restrictions.

In managing the transportation schedule, there are several criteria or objectives for
assessing a transportation schedule. In this approach, typical logistics performance

measures are considered. Some of these parameters considered are:

o Fleet size: The number of vehicles used in a transportation schedule strongly affects the
strategic investment planning, due to the high cost of trucks involved in the
transportation. Therefore, reducing the number of required trucks could be useful in
reducing logistics costs.

e Travelling distances: Minimising the mileage could directly reduce the operational
cost related to fuel and drivers’ time. Also minimising the number and length of
deadheading trips could directly impact the operational cost.

o Inventory Levels: Considering the target inventory levels at each processing plant, the

transportation schedule should minimise the deviation from these target values to
prevent any additional holding or shortage costs.

e Resource Utilisation: The efficient routing and scheduling of resources may well

increase the maximum operating time of the resource by eliminating idle time from the
system.
e Service level: Measures such as meeting the demand level of the processing plants and

delivery times must be considered to improve customer satisfaction.
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Environmental Impact: To measure the impact of transportation schedules on the

environment, three main aspects are considered air, water and noise pollution. The
environmental impact is measured based on the routes taken and speed of travel. The

aim is to minimise this negative impact by taking more environmentally friendly trips.

Completion time: The schedule completion time reflects the operational costs, labour

costs and loss of customer good will. The aim is to minimise completion time to handle
all the transportation within the specified time horizon.

e Safety: Typically the cost of vehicle accidents can be quite high, particularly in the case
of butane gas, which is highly explosive. This cost includes vehicle and other property
damage as well as personal injury and mortality. The aim is to minimise safety cost by
assigning trucks to routes that are more favourable to safety measures.

e Human Factors: In assigning routes and schedules to personnel for transporting

propane gas, one of the primary objectives is the convenience of the crew. For this
reason the aim is to perform the transportation in a way to minimise the total

inconvenience of the crew.

1.5 Problem Definition

The cited problem represents logistics management for the upper stream of the considered
supply chain, which involves dispatching raw material from supply sources to the
processing plants based on monthly demands. This problem can be considered as a
variation of VRSPs, which are known to be Non-Polynomial (NP) [4, 5] combinatorial
optimisation problems. In general, it is very difficult to solve these combinatorial problems
to optimality and their computational burden exponentially grows with the problem size.
This makes it clear that the dispatching decisions are too complex for manual optimisation

(6, 4].

There are a number of conflicting objectives in this problem. On one hand there is a need of
minimising factors such as transportation and inventory costs and on the other hand there is
a need for maximising resource utilisation, performance and customer service. Using the
proposed DSS, the LPG dispatching problem could be formulated in its most general form
as a Multi-objective, non-linear optimisation problem. The aim is to provide the logistics

manager with a decision support tool to generate a set of different optimum transportation

—_———— e — 1]
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schedules. In this way the decision maker can evaluate some alternative solutions before
finalising on a dispatching policy, therefore, providing a more flexible decision support

system.

1.6 Approach of Thesis

To meet the initial objectives of this research work, a comprehensive survey was conducted
on the current state of art in VRS problems. To this effect different categories of VRSP
were recognised, different approaches and VRS problem formulations were studied. Based
on the survey conducted a hybrid optimisation based decision support was designed and
developed to assist management with decisions on VRS activities. This hybrid approach is
composed of both a search engine and simulation module. The search engine was
developed based on a genetic algorithmsearch. The aim of this module was to provide
alternative optimum solutions. The simulation module was used to evaluate different
alternative solutions. The feed back from the simulation module was used to update the

GA for re-optimisation.

This research was further extended to examine a typical organisation involved with VRS
activities. For this purpose the supply chain and manufacturing facilities of a LPG
distribution company were investigated. Using this proposed DSS the VRS activities within
this organisation were formulated in their most general form as a multi-objective non-linear

optimisation problem.

1.7 Outline of Thesis
This chapter briefly described the shortfalls of the existing approaches in addressing VRS

activities. It then proposed the design and development of a hybrid decision support system
to assist VRS activities. Moreover, a brief description of the considering supply chain used
for this application was provided. The remainder of this chapter outlines the main topics

discussed and developed in the proceeding chapters.

o Chapter 2 Literature Survey: This chapter provides a comprehensive literature
review on the concept of VRSP and it defines different categories of such problems.

It describes optimisation techniques, multi-objective optimisation, applications of

-10 -
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heuristics and Meta heuristics in VRSP and finally, Artificial Intelligence and
Simulation modelling are introduced as alternative approaches to handle VRSPs.

e Chapter 3 Methodology: This chapter proposes an architectural design for a DSS to
address the considered logistics problem. Different components of this DSS are
described. In particular, the concepts and principles of the genetic algorithm are
explained. In addition, an investigation is conducted to see how such GAs are used
to formulate VRSPs. To this effect the GA application in fields such as
transportation, delivery, vehicle scheduling, vehicle routing and logistics problems
were explored. Based on this survey the shortcomings of these applications are
discussed in respect to the considered problem. Also, a Pareto Optimal GA used to
address multiple criteria problems is introduced and a hypothetical example to
address this problem is presented.

e Chapter 4 Search Engine Design and Development: This chapter describes how
the search engine was developed. It describes the random search method
implemented; the genetic algorithm approach and Pareto based genetic search
method. Finally, it demonstrates how the different components of GAs were
developed. In addition the main objectives in this system are identified and problem
formulation using these criteria is presented. Furthermore, the considered system
constraints and the penalty methods used to allow violation of constraints are
presented in this chapter.

e Chapter 5 Simulation Modelling: This chapter provides some background on the
application of simulation modelling in manufacturing. It particularly looks at the
application of simulation modelling in logistics and supply chain management. It
further classifies the simulation tools available and it introduces the basic concept of
the Witness simulation-modelling tool, which was used to model the considered
system. Finally some recent advances in simulation modelling techniques are
introduced.

e Chapter 6 Simulation Model Development Using Witness: This chapter first
describes the supply chain system under study. It identifies different components of
this system and describes how a simulation model was developed for this system.

Also, it discusses how the supply chain model was verified and validated.
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Chapter 7 Results: this chapter used to provide a detailed account of the series of
experiments carried out on the GA search engine. It describes how the initial
parameters for this GA application were set. It identifies the impact of population
size, selection methods, crossover and mutation operators and Elitism on the GA
performance. It further illustrates how the simulation model was used to further
analyse the generated schedules and finally it highlights the feed back from the
simulation module to the GA search for the re-optimisation. The results of such
experimentations are documented in this chapter.

Chapter 8 Conclusions and further works: This chapter provides a conclusion on
the achievements of this work and it further identifies how this research can be

extended.
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2.1 Introduction

Transportation is a key activity of logistics that may vary from firm to firm. Logistics may
be defined as “the provision of goods and services from a supply point to a demand point”
[7]. Transportation plays an important role in both the physical supply and distribution
phases of logistics. According to some estimates the European logistics market was valued
at about $155 billion in 1999 and it is expected to expand to $213 billion by 2005 [8].
Therefore, companies realised logistics as a major filed of improvements and to gain

competitiveness in the challenging global market.

In addition, logistics networks are becoming evermore complex mainly due to the greater
demands from customers and increased competition from competitors. These elements have
left pressure on companies to focus on delivering greater value to the customers, in less
time. One area that determines the efficiency of logistics management is the Vehicle
Routing and Scheduling activities (VRS). The problems that managers confront in their
efforts to manage VRS processes in supply networks are mostly perceived as uncertain,
non-linear, and increasingly complex. Therefore handling the VRS operations in the supply
network would call for new approaches to better understand logistics processes and also
new methods and models to deal with logistics operations and activities in a more effective

way.

To this effect, the aim of this chapter is to provide a general review on the studies carried
out in the earlier chapter on the current approaches and possible new approaches to support

better understanding and managing of VRS operations.

As VRS problems are highly regarded as NP-Hard optimisation problems, this chapter
starts with an overview of the concept of optimisation. It further, studies the application of
heuristics as possible methods to produce optimum solutions. It explains about different
strategies that could be used in developing heuristics and it identifies a number of useful

methods for this purpose. This chapter classifies different types of vehicle routing and

#
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scheduling problems. Moreover, it identifies different possible problems within each
category. Also, it expands on the classical and metaheuristic approaches to address these
problems. It finally describes the possible enabling techniques and approaches that could be
further used to understand and address VRS activities.

2.2 Optimisation Problems

The optimisation problems are generally classified into two categories [9] those with
continuous variables, and those with discrete variables, which are known as combinatorial.
The continuous problems are generally concerned with a set of real numbers or even a

function.

On the other hand, the combinatorial problems are looking for an object from a finite set of
numbers such as integer, permutation or graph. In general, the combinatorial optimisation
problems are concerned with the efficient allocation of available resources to meet desired
objectives when the values of some or all of the variables are restricted to be integral [10].
Also, there are usually constraints on resources such as labour, supplies or operations that
confine possible feasible alternatives. The aim in such problems is to find the best possible

alternative solution.

The combinatorial optimisation is defined as the process of finding one or more, best
(optimal) solutions in a well defined discrete problem space [10]. There are many problems
in management and engineering disciplines, which can be formulated as combinatorial
optimisation problems as they can have only a finite number of alternatives feasible

solutions. This reflects the versatility of the combinatorial problems.

Also, optimisation problems can be categorised as either linear or non-linear optimisation
problem. Linear optimisation problems deal with a linear objective function to be
maximised or minimised subject to linear restrictions or constraints on the non-negative
variables. Any nonnegative solutions of the constraints are known as feasible solutions.
Any feasible solution maximising or minimising the objective function is called optimal.
However, in many real world applications there are no linear relationships within the
parameters. Here in the considered problem the transportation cost can be either linear or

non-linear. If the transportation cost is directly proportional to the travelled distance then

#
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the objective would be linear. However there are cases where transportation cost is not
proportional to the travelled distance due to different rating schemes. In this way the
objective function or the constraints are non-linear and therefore it is called a non-linear

optimisation problem.

Furthermore, an optimisation problem may be composed of a single objective or a number
of objectives. In single objective problems, the goal of a solution is the identification of the
optimal solution, which is the feasible solution that gives the best value of the objective
function. However, the concept of optimality is not valid, when considering multi criteria
(objective) problems. Because a solution, which maximises one objective, will not in
general, maximise any of the other objectives. In multi-objective optimisation, the optimal
solution is referred to as a non-inferior solution. Traditionally, there are three approaches in

addressing multi-objective problems that are described briefly in the following sections.

221 Weighting-Based approach:

Weighting the objectives to obtain non-inferior solutions is the oldest multi-objective
solution technique. Zadeh [11] was the first to recommend the use of weights to
approximate the non-inferior set. Considering an objective function for a multi-objective
problem as:
Maximise Z =[Zy,Z;]
If there is a way to assign the judgment value that one objective costs w Euros, then the
multi-objective problem could be reduced to a single-objective problem. The specification
of w, known as weight on objective Z,, is similar to the identification of a desirable trade-
off between Z; and Z, . Based on this concept, the objective function can be formulated as:
Maximise Z(w) = Z; +wZ;

Therefore, the new objective function has single dimension and is denoted by Z [w] to
signify the dependence of the new function on the value of the weight w. The weight
reflects a decision maker’s preference with respect to the importance of the considered
objectives. Given a single objective function and a set of constraints, and using a linear

programming approach an optimal solution can be generated.
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2.2.2 Constraints based approach:

In this approach, the objectives are implemented as constraints, and feasible solutions are
searched relaxing progressively the constraints that represent the objectives with lower
priority. Given a multi-objective problem with P objectives (i.e. Z;,...,Z,), the mathematical
formulation would be:
MaximiseZ(x], Xg,...,Xy)
=[Z(x1, X050005 X3 )5 Zo (X5 X0 5003 X Vyees Z 1y (X5 X0 5000y X )]
SE.(X], X050y X)) € Fy
The constraint formulation of the above multi-objective problem is
MaximiseZy, (X1,%X7 500 Xp)
st(x1,X9 X, )€ Fy

Zk(xl,xz,...,xn) > Lk
k=12,.,h-1,h+1,.,p

Where the 4% objective was arbitrarily chosen for maximisation. This formulation is a
single-objective problem, so it can be solved by conventional methods in linear

programming.

223 The goal programming approach:

In the goal programming approach, the aim is to minimize one objective while constraining
the remaining objectives to be less than given target values. This method is especially
useful if the user can afford to solve just one optimisation problem. However, it is not
always easy to choose appropriate “goals” for the constraints. The goal programming
cannot be used to generate the Pareto set effectively, particularly if the number of

objectives is greater than two [16].

2.2.4 Pareto Optimality:

A notation of optimality that respects the integrity of each of the separate criteria is the
concept of Pareto Optimality [12]. A feasible solution to a multi-objective programming
problem is Pareto optimal if there exists, no feasible vector of decision variables which
would improve some criterion without causing degradation in at least one other criterion
[11]. This concept does not provide a single solution, but rather a set of solutions called
Pareto optimal set. The feasible solutions included in the Pareto optimal set are called non-

———————m——-— = —————————————==
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dominated. The plot of the objective functions whose non-dominated vectors are in the

Pareto optimal set is called the Pareto front.

The Pareto optimal set also known as the non-inferior set generally includes many
alternatives. It is not possible to consider all the alternative solutions as the final optimal
solution. In fact, the decision makers prefer a solution amongst the available alternatives.
This preferred alternative is called the best-compromise solution. The purpose of the Pareto
optimality is to find the optimal frontier, which dominates the other solutions. These
solutions are not worse with respect to every object, but rather better for at least one

objective.

2.3 Optimisation Techniques
Some of the basic solution techniques for combinatorial optimisation problems are such as
integer programming, dynamic programming, and heuristic problem solving. These

approaches are outlined briefly below.

2.31 Integer Programming:

Combinatorial problems are often referred to as integer programming models. When,
formulating Linear Programming (LP), there are usually certain variables that could take
integer values but they are left to take fractional values. Integer Programming (IP) is a
numeric solution in which the variables take integer values. IP occurs frequently due to the
fact that many decisions are essentially discrete in that one or more options must be chosen
from a finite set of alternatives. Also, the problems, in which some variables can be integer

and some variables, can be fractional are addressed by Mixed-Integer Programs (MIP) [10].

There are at least three different approaches for solving integer-programming problems;
these are typically combined into hybrid solution procedures in computational practice.
These techniques are namely known as Enumerative, Relaxation and decomposition and

cutting plane approaches [10]. These techniques are further presented in Appendix A.

2.3.2 Dynamic Programming (DP):

Another method of solving optimisation problem is dynamic programming (DP). It requires

being able to express or compute the optimal solution to a given problem instance 7 in
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terms of optimal solutions to smaller instances of the same problem. This is called problem
decomposition. The optimal solutions to all the relevant smaller problem instances are then
computed and stored in tabular form. The smallest instances are solved first, and at the end
of the algorithm, the optimal solution to the original instance 7 is obtained. This method can

be considered as a bottom-up design strategy [14].

2.3.3 Heuristics:

The IP and DP approaches are designed to produce global solutions for the problems,
which they are applied. However, many real world problems are so large and difficult that
these methods cannot achieve this solution effectively due to their large storage or
computational time requirements. In this case a more moderate approach is required, where
instead of obtaining an absolute optimum, it is often more realistic to design a solution
procedure which will produce, in reasonable computing time, solutions which are relatively

close to the optimum. Such procedures are known as heuristics [15].

Heuristics are methods of performing minor modifications, or a sequence of modifications
to a given solution or a partial solution. The actual modifications that are done will involve
a neighbourhood search. A neighbourhood of an element X, are those elements, which are
similar to X by some means. In general a heuristic algorithm will consist of iteratively

applying one or more searches, in accordance with a certain design strategies.

234 Design Strategies for heuristic algorithms

The design strategies involve designing a neighbourhood search and incorporating it into a
heuristic search algorithm. This is a widely used method in solving combinatorial
optimisation problems. A fundamental idea of heuristic methodologies is that of
neighbourhood search (NS) [15]. In the context of this search method, a solution is
specified by a vector x, where the set of all (feasible) solutions is denoted by X. The cost of
solution x or the objective function is denoted by C(x). Each solution xe X has an

associated set of neighbours N(x) < X, called the neighbourhood of x. Each solution
x € N(x)can be reached directly from x by an operation called a move. X is said to move

tox , when such an operation is performed. Here, the choice criteria for selecting moves

and termination criteria for ending the search are specified externally. Specifying these

#
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parameters in different ways would alter the method to yield a variety of procedures. The
main shortfall of this method is its tendency to deliver solutions, which are only local

optima [15].

One must notice that there is a trade off that must be considered in any heuristic algorithm.
If a large neighbourhood is considered then, it is expected that the given search space
contains a better solution than using a small neighbourhood. However, this would reflect
the penalty to be paid in terms of computation time, if the neighbourhoods are too large. A
large amount of work has been carried out on heuristic methods for solving combinatorial
problems. There are four basic strategies for heuristic procedures. Many methods comprise
a combination of more than one of these strategies [16]. These methods are described in

Appendix A.

2.3.5 General purpose Heuristics

Heuristics can be categorised into problem specific and general-purpose heuristics. As
evident, the problem specific algorithms are tailored to one particular problem, which
would not work for different ones. However, the general heuristics can be easily tailored to
solve any combinatorial optimisation problem. The following sections present a number of
these heuristics. Also, the Gradient, Random and Iterated Local Search methods are

covered in Appendix A.

2.3.5.1 Simulated Annealing (SA)

The ideas that form the basis of SA were first published by Metropolis et al. [17] in 1953.
Thirty years later, Kirkpatrick et al. [15] suggested that this type of simulation could be ued
to search the feasible solution of an optimisation problem, with the objective of converging
to an optimal solution. SA is a neighbourhood search technique that has produced good
results for combinatorial problems. This algorithm begins by generating an initial solution
(S) at random. At each stage the new solution (S) taken from the neighbourhood of the

current solution is accepted as the new current solution, if it has a lower or equal cost.

Otherwise, the new solution is accepted with a probability e—%, where A is the difference

between the costs of s and s, and T € R is referred to as temperature.
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Initially, T takes a user-defined value, and iteration by iteration is decreased according to
some temperature scheme referred to as a cooling schedule. Thus at start of SA, many
inferior moves are accepted, but at the end only improving ones are likely to be accepted.
This method converges to a local optimum as the temperature approaches zero, but because
SA has performed many iteration at a high temperature, this may have pushed the search
path into new areas, where a better local optimum solution could hopefully be reached. The
algorithm terminates when a suitable stopping condition is satisfied (usually in some zero
or near-zero value of the temperature parameter). The generic decisions to be considered in
implementing the SA in practice include: Initial Temperature, Cooling Schedule and Final
Temperature. Also, Nearchou [18] suggests that after from the temperature and cooling
schedule, the performance of this method could be influenced by factors such as: stopping
condition, the choice of feasible solutions, the form of the objective (cost) function, the way

of choosing a neighbour structure.

2.3.5.2 Tabu Search (TS)

Tabu search is a local search Metaheuristic proposed independently by Glover et al. [19].
This method is like Simulated Annealing (SA), which is based on neighbourhood search
that aims to prevent convergence to local optima in rather a deterministic way, which tries

to model the human memory processes.

This method explores the solution space by moving at each iteration form a solution (s) to
the best solution in a subset of its neighbourhood N(s). In this way, the current solution may
deteriorate from one iteration to the next. Therefore, to avoid cycling, solutions possessing
some attributes of recently explored solutions are temporarily declared Tabu or forbidden,
unless their cost is less than a so-called aspiration level. Some implementations allow for
intermediate infeasible solutions. Also, various techniques are often employed to diversify
the search process. These are [20]:

e Recency: Recency-based tabu search encourages exploration of parts of the solution
that have not been visited previously. This is achieved by prohibiting the reversal of
most recent moves. Recency simulates short-term memory.

e Frequency: using frequency measures such as: residence and transition measures

would generate penalties, which modify the objective function of the search. This

ﬂ
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measure would encourage diversification by the generation of solutions that
represent a combination of attributes significantly different from those previously
observed. Frequency provides a long term memory for the search mechanism.

e Quality: this is used to refer to those solutions with good objective function values.
Providing of such solutions may be used to stimulate a more intensive search in the
general area of these elite solutions.

e Influence: this is a measure of the degree of change made in a solution structure.
This is used in aspiration criteria and also in the development of candidate list

strategies.

2.3.5.3 Genetic Algorithms (GA):

The GA as search procedures is based on mechanics of natural selection and natural
genetics. In its most general form, a GA creates a population of feasible solutions and
generates future populations based on natural selection. Usually, the simulated annealing or
tabu search algorithm begin with an initial feasible solution and proceed to construct from it
a sequence of feasible solutions by applying a heuristic, which is in turn based on a
neighbourhood search technique. In GA, the algorithmstarts with an initial population of
feasible solutions, then feasible solutions from this population are recombined to produce
offspring. After the children are obtained, a mutation operation is allowed to occur. This
procedure produces the next generation of the population. The process can be iterated

through as many generations as desired.

2.4 Classification of Routing and Scheduling Problems

The managerial decisions concerning the configuration of vehicle movements are classified
as Vehicle Routing Problems (VRP) in the literature. These problems usually involve the
specification of a sequence of locations that a vehicle must visit. When explicit
consideration is given to the times at which various locations are to be visited, the problem
is considered as a Vehicle Scheduling Problem (VSP). In many cases the routing and
scheduling problems interact and result in combined Vehicle Routing and scheduling

Problems” (VRSP) [6].
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2.5 Complexity of Routing and Scheduling Problems

Alter [21] suggests that a system’s complexity is a function of the number of differentiated
components that exist in the system and the number and nature of their interactions. In view
of this definition, it is evident that the VRS is a complex process for distribution system
considered in this study. In fact, this complexity is mainly due to the existence of many
parameters and constraints concerning manpower, vehicles, environments and the other

constraints that exist in this system.

As mentioned earlier most of the real life VRSPs are computationally complex and belong
to the NP-Hard problems. It is very difficult to solve these combinatorial problems to
optimality and their computational burden exponentially grows with increase in the
problem size [6]. As a result researchers [22] have concluded that VRSPs present a prime
candidate for analysis by heuristics. Heuristic algorithms offer a number of advantages in

handling VRSPs [23]:

e They are able to handle efficiently a large number of constraints and parameters that
exist in a routing and scheduling problem.
e They perform a relatively limited exploration of the search space and generally produce

good quality solutions within modest computing time.

The following sections further describe different categories of vehicle routing and

scheduling problems and heuristics for these problems are presented in section 2.9.

2.6 Vehicle Routing Problems (VRP)
The Vehicle Routing Problem (VRP) can be described as the problem of designing optimal

delivery routes from one or several depots to a number of geographically scattered demand
centres, subject to side constraints. The VRP plays a central role in the fields of physical
distribution and logistics. There exists wide variety of VRPs and a broad case of literature

on these problems. These problems can be grouped into the following categories [6]:

2.6.1 Separate and Single Origin and destination points:

In these problems a network is represented by links and nodes, where the nodes are

connecting points between links, and the links are the time or distances to traverse between

ﬂ
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nodes. Typically, these problems involve a well-defined sub-set P of paths between a given
pair of nodes. A subset Q of P has to be determined once paths in Q are preferred to any
other path of P/Q, when some given criteria are considered. These problems are generally
studied under the general title Optimal Path Problems, which is a very large grouping of
network optimisation problems. Some of the basic categories describing this class of VRPs
are such as the Shortest Path Problem, Shortest-Path Models with Fixed Charges, K-
Shortest Path, and Minimal Spanning Trees. These categories are further detailed in
Appendix A. Usually once the number of paths in P is very large finding the shortest path
requires high computation time and therefore methods to solve the problem in reasonable

time are required. Some approaches to these problems are suggested in section 2.9.1.

2.6.2 Multiple Origin and destination points:

When there are multiple source points that may serve multiple destination points, there is a
problem of assigning destinations to sources as well as finding the best routes between
them. This problem commonly occurs when there is more than one supplier to serve more
than one demand centre for the same product. This is further complicated when the source
points are restricted in the amount of the total customer demand that can be supplied from
each location. This type of problem is frequently solved by applying a special class of
linear programming known as the transportation method. Some of the heuristic approaches
to this problem include the Simplex Method, the Northwest Corner Method, the Vogel
Approximation Method (VAM) and the Hungarian Algorithm [24].

2.6.3 Coincident Origin and destination points:

The logistic management frequently encounters routing problems in which the origin point
is the same as the destination point. This class of routing problem commonly occurs when
transport vehicles are privately owned. Some basic heuristics to these problems are
presented in section 2.9.1. Some of the basic categories of this type of VRP are such as the
Travelling Salesman Problem (TSP), Chinese Postman Problem, Single Depot Multiple
Vehicle Routing and Multiple Depot Multiple Vehicle Routing Problems. These are
further described in Appendix A.
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2.7 Vehicle Scheduling Problems (VRSP)

Vehicle scheduling problems can be considered as routing problems with additional

constraints having to do with the times when various activities may be carried out. The

routing problem described in the last section places special importance to the spatial

characteristics of activities performed. In scheduling problems, however, a time is

associated with each activity. Therefore the temporal aspects of the vehicle must be

considered explicitly. The feasibility of an activity is influenced by both space and time

characteristics. Heuristics for these problems are presented in section 2.9.3. Bodin et al. [6]

classified vehicle scheduling based on real world constraints. These constraints determine

the complexity of the vehicle scheduling problems and can be specified as:

1. A constraint on the length of time that a vehicle may be in service before it must return
to the depot for servicing or refuelling.

2. The restriction that certain tasks can only be serviced by certain vehicle types,

3. The presence of a variety of depots where vehicles may be housed.

Based on these constraints the VSP are categorised as follows and further explanation on

each category is provided in Appendix A [6]:

e  The Single Depot Vehicle Scheduling Problem (VSP),

e  Vehicle Scheduling Problem with Length of Path Restrictions (VSPLPR),
e Vehicle Scheduling Problem with Multiple Vehicle Types (VSPMVT),

e Vehicle Scheduling Problem with Multiple Depots (VSPMD),

2.8 Vehicle Routing and Scheduling Problems (VRSP)

As Bodin et al. [6] described most of the combined routing and scheduling problems are
characterised by task precedence and time window constraints. Task precedence
relationships force the pickup activity for a task to precede the delivery activity for the task

and the pickup and delivery tasks must be on the same vehicle.

A second set of constraints involves the servicing of tasks within specified time windows.
A time window on a service task requires that the task be serviced within the specified time

interval. For instance, considering a particular delivery that must be between 8:00 to 9:00

—
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AM. Therefore any route, which involves this particular task, must ensure that the delivery

time falls within these time bounds.

Considering no time windows, the set of tasks that may follow a particular task can be
specified as a priori and one can construct a network including all the tasks. However, with
time windows, the complete set of tasks that can feasibly follow a given task cannot be
specified beforehand since the exact time of service for a given task cannot be specified in
advance. Therefore, with time windows it becomes very difficult to construct the complete
network of possible connections. A very well known problem involving both routing and

scheduling is dial-a-ride problem as described in Appendix A for further readings.

2.9 Approaches to VRSPs

Over the past 50 years considerable research effort has been put into developing heuristics
for solving specific variations of the VRSP. The available heuristics can be classified into
two main groups, namely classical heuristics and metaheuristics as described in the

following sections.

2.9.1 VRSP Classical Heuristics:

In the 1950s, early works [13, 25] concentrated on formulating VRSPs and how to obtain
optimal solutions for these problems. Many routing and scheduling problems were
formulated as a special class of Zero-One integer programming known as set partitioning or
set covering problems. However, the lack of both efficient solution procedures and
computing power prevented the tackling of real problems [3]. By the 1960s zero-one
programming formulation could be solved in principle. However, the need for excessive
calculations for small problems limited any potential applications. [26] concluded that this
formulation was too complex to be useful for even non-trivial size VRSPs. Also [27]
provided three exact algorithms to address VRPs. These algorithms used the branch and
bound method based on bounds derived from the shortest spanning tree with fixed degree at
one vertex and the minimal g-routes. Although, these algorithms were able to find exact
solutions, it must be noted that this was mainly due to the fact that the problems were of

small size and relatively free of constraints.
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Heuristic algorithms for the VRSPs can often be derived from procedures derived from the
TSP [28]. However, when applying these procedures care must be taken to ensure that only
feasible solution is created. Some of the approaches developed to address VRSP are as
follows:

o The Clark and Wright algorithm: This classical algorithm was first introduced in 1964
to solve capacitated VRPs in which the number of vehicles was unlimited. The method
starts with vehicle routes containing the depot and one other vertex. At each step, two
routes are merged according to the largest saving that can be generated.

e In 1965 [29] as part of addressing the TSP introduced a local search algorithm that was
based on the notation of k-exchange. A number of researchers [30, 31] applied this
approach to the basic variations of VRSPs and reported on its efficiency for solving
related problems.

e In 1969 [32] developed the 3-Optimal method of route planning. This method was
based on the principle that the established route configuration is optimal and any
replacement of the links will generate a sub optimal situation.

e In the 1970s [33] solved the VRSP incorporating the time window aspect of the
problem. In 1976, the Generalised Saving Method [34] and the Heuristic Tree Search
Algorithm [35] as OR techniques achieved marginal improvements over the Saving and
3-Optimal methods.

e The sweep algorithm for VRP [36]: This method is commonly attributed to Gillett and
Miller (1974). This method represents vertices by their polar coordinates. It established
individual routes for each vehicle, by assigning vertices to the vehicles as long as its
capacity is not exceeded. Then it tries to optimise each individual route separately by

solving the corresponding TSP.

2.9.2 Heuristics for the VRPs

Typically, problems addressed as VRP are large in number and complex in the nature as
presented in section 2.6. Researchers have specified different categories to describe VRPs.
There are many heuristics developed to address different categories of VRPs. In general,
the solution strategies implemented by these heuristics can be classified into five main

groups as described in Table 2-1. Also,
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Table 2-2, represents a number of these heuristics. Also Appendix A provides examples of

the algorithms used to address each VRP category.

Table 2-1, Solution Strategies implemented by different VRP heuristics

Solution

Strategy

Cluster first-
route second

Description

This approach first groups/clusters demand nodes/arc
and then, it designs economical routes over each
cluster as a second step.

Examples

The Sweep Approach
[36].

Route first-
cluster second

First, a large route or cycle is constructed including
all the demand entities.

Next, the large route is partitioned into a number of
smaller, but feasible routes.

Early works down by
[371.

At cach step, the current configuration of nodes is
compared with an alternative configuration.

Early works down by

e LU The outcome alternative configuration with the [38].
procedures largest saving in terms of some objective function is

chosen.

This procedure always maintains feasibility and
Improvement/ strives towards optimality. . Branch Exchange
exchange At each step, one feasible solution is altered to yield heuristic[29]
procedures another feasible solution with the reduced overall ’

cost.
Mathematical It is based on a mathematical programming [32,25, 26] used Zero-
programming formulation of the underlying routing problem. one integer program.

2.9.3 Heuristics for the VSP

The VSP and its specified categories VSPLRP, VSPMVT and VSPMD can be formulated
as optimisation problems on appropriately defined networks. The use of the Minimum Cost
Flow Algorithm to solve VSP was first suggested by Dantzing and Fulkerson [13]. In
addition the Concurrent Schedule Method was proved successful in practice for solving a
variety of constrained scheduling problems [39]. This heuristic is easy to code and
computationally efficient and it is widely used in practice. Also, the Two Step Approach
algorithm [6] was used to address VSPMVT and VSPMD. The output of these problems is
a set of schedules clustered either by vehicle type or depot. This algorithm addresses these

problems using the following two approaches:

e (luster tasks and then schedule vehicle over each cluster,

e Schedules vehicles and then clusters vehicle schedules.

Furthermore [40] suggested an Interchange Heuristic, assuming a starting solution is

available, which is found by other approaches such as Concurrent Scheduler. This approach
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exchanges a section of individual schedules and tries to find a better schedule. This
approach is a more global evaluation strategy and it allows a variety of complex cost
functions to be examined.

Table 2-2, represents a number of these heuristics. Also Appendix A provides further detail
on these algorithms.

294 Heuristics for the VRSPs

The combined VRPs and VSPs incorporate both the spatial and time window constraints of
the real system. As a result, the nature of the problem would be even more complex and
difficult to address. Primary algorithms used to address VRSP are such as “Route First”
algorithm and the “Greedy Insertion” procedure [41]. The Route First algorithm uses the
same principle as Route-First strategy described in section 2.9.2. In the greedy insertion
approach, a route is constructed in an iterative fashion by adding demand arcs representing
origin-destination pairs to the route one pair at a time. This procedure uses the ratio of
marginal increase in savings divided by marginal increase in route time as a criterion for

adding a demand arc.

As it is evident from the past literatures [6, 5, 42], up until 1980s very little works were
done in considering time window constraints in the VRPs. Early works on this field
primarily involved some case studies. Also approaches based on Dynamic programming
and branch and bound techniques we introduced later [42]. Solomon et al. [43] extended
VRP heuristics to incorporate the time dimension in the heuristic process. These heuristics
are known as: the saving heuristic, a time-oriented nearest-neighbour heuristic, the insertion
heuristics and a time-oriented sweep heuristic. Appendix A, suggests further details on

these algorithms.
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Table 2-2 Classical heuristics used to address VRSPs

Problems  No. Type No Categories No Algorithms Algorithms

1-1-1 Dijkstai Algorithm

The Shortest Path
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1-1-3 Multoterminal Shortest-Chain Route procedure
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& Destination| Charges
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2.9.5 VRSP Metaheuristics:

These heuristics were mainly developed during the last decade. These heuristics perform a
deep exploration of the most promising regions of the solution space. [44] suggest that
these methods typically combine sophisticated neighbourhood search rules, memory
structures, and the recombination of solutions. The quality of solutions produced by these
methods is usually much higher than that obtained by classical heuristics however, these
methods require higher computation time. In addition, these procedures are usually context
dependent and require finely tuned parameters, which may make their extension to the
other solutions difficult. In a sense, metaheuristics are sophisticated improvement

procedures and they may be thought of as further improvements to classical heuristics.

In addition [44] highlights the need of today’s commercial packages for development of
faster, simpler and more robust metaheuristics. To this end they presented a number of
Tabu Search (TS) based algorithms to address VRPs. These are Taburoute, Taillard’s
algorithms , Xu and Kelly’s Algorithm , Rego and Roucarios algorithm, the adaptive
memory procedure of Rochat and Taillard and the Granular Tabu Search (GTS) of Toth and
Vigo. The adaptive memory procedure of Rochat and Tillard is one of the most interesting
developments in the area of Tabu search using the most recent concept of adaptive
memory, which provides a pool of good solutions that is dynamically updated throughout
the search process [44]. Also, GTS is yet another very promising concept. Toth and Vigo
[45] showed that GTS produces excellent results within very short computing time.

Furthermore, [43] described a variety of route construction and scheduling heuristics that
used time windows, typically known as VRSTW (i.e. Vehicle Routing and Scheduling with
Time Windows). Also, [43] identified that a sequential time space based insertion algorithm
outperformed the other approaches in VRPs. However [46] suggested that the weakness of
this approach lies in the fact that in some cases the last un-routed customers tend to be
widely dispersed over the geographical area, resulting in last routes with poor quality. For
this reason they proposed a new parallel approach for initialising and building a set of

routes. Further, they suggested that the parallel approach was found to be better than the

E
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sequential approach of [43] for pure random problems resembling real life situations.
However, the [43] approach outperformed the parallel approach on pure clustered

problems.

In addition, [47] further extend VRSTW to incorporate backhaul concept, these problems
are referred to as VRSBTW (i.e. Vehicle Routing and Scheduling with Backhaul Time
Window). They suggest a TS heuristic that addresses two different objectives. The first
objective was to minimise the total distance travelled by vehicles and the second objective
was to minimise the total route time. The TS algorithm was found to be effective on the
VRPBTW, however the introduction of backhauls resulted in an increase in the number of

routes and total route time.

Furthermore, [42] offered a two-stage optimisation approach, which is a combination of
sequential and parallel insertion algorithms, followed by a Tabu Search algorithm. Also,
[48] used a heuristic, with a parallel insertion algorithm and local search interchange, to
develop a two-stage optimisation algorithm. Furthermore, [42] developed a two-stage

approach using parallel insertion and interchange methods.

A number of researchers [3] suggested that the heuristic approaches were capable only to
specific variation, a slight difference in the structure of the problem made the algorithm
inefficient. This is mainly due to the mathematical structure of these approaches, which

presents a number of disadvantages [50]:

1. It is difficult to formulate a reasonable objective function and hard constraints.

2. Mathematical formulation leads to a very large number of variables if all possible
constraints are considered.

3. The optimum solutions obtained from these approaches are no longer valid in the case

of unexpected events such as bad weather conditions, breakdowns and etc.

Therefore, these shortfalls persuaded researchers towards the development of more
generalised approaches that were versatile enough to include more variations of the
problem. The followings briefly introduces different approaches taken to address these

problems

_—_—— > ———
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2.10 Enabling Technologies:

The advancement of computer and information technologies in the last decade has had a
great influence on developing decision support systems, which incorporate operation
research models and optimisation techniques. [25] reports the development of a number of

decision support systems incorporating routing and scheduling heuristics such as:

e A DSS to support optimisation or routes and scheduling of freight operations was
developed by incorporating a combination of heuristics and integer programming.

e The use of a cluster-first-route-second heuristic in a DSS to support delivery of orders
to customers and to service customers.

e The use of a tour construction/improvement heuristic to support decision making for
picking and delivering products to dairies.

e The use of sweep algorithm in a DSS for a diary company’s vehicle routing and

scheduling.

As a result of operations research interest “VERSA” and “TRAVELLER” were developed
as packages to facilitate routing and scheduling orders from more than one depot. These
packages were developed by the Imperial College London University and Leeds University
and also the “PATH-FINDER” and “VAN PLAN” are standard packages offered by IBM
[41].

In addition, the advanced IT systems could also be used to support the planning and
management of distribution operations. To this effect [25] have developed a new DSS
including a combination of Supply Chain Management (SCM) applications and a Graphical
Information System (GIS) integrated with an Enterprise Resource Planning (ERP) software.

Also, to overcome the shortfalls of algorithmic methods in addressing VRSP problems,
researchers [6, 51, 52]] have suggested developing interactive procedures where humans
could play some part in the routing and scheduling process. In this way human expertise
could lead to improvements or could transform unacceptable solutions into ones, which
could be used in practice [36]. Furthermore, [33] argues that the conventional approaches

do not reflect the knowledge and intelligence of a dispatcher, that is the ability to deal with

#
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uncertainty and imprecision. They further propose the development of DSSs with the

ability to simulate the dispatcher’s behaviour using Neural Networks.

Finally, it is evident from the current conventional approaches that they fail to consider
practical requirements such as capturing the stochastic and dynamic behaviour of the
system, considering several criteria and producing different alternative solutions. An
improvement in capturing systems stochastic behaviours could greatly impact the
credibility and reliability of the decision support systems. In addition, Multi-criteria
analysis of the system would provide a major advantage in taking into account a range of
different criteria, to assist a decision maker with better trade offs in addressing VRSP.
Finally, providing several optimum or close to optimum solutions would assist decision
makers to examine different alternatives for better assurance. The application of Artificial
Intelligence techniques and simulation modelling concepts could be useful as addressed in

the following sections.

2.11  Artificial Intelligence (Al):

Recently many researchers have proposed the use of Al techniques such as Expert Systems
(ES), Neural Networks (NNs), Fuzzy Logic and Genetic Algorithm (GA) to address
VRSP. To this effect [53] suggest that AT provides more flexible and expressive power than
mathematical programming in modelling complex domain problems. Also, [50] Indicated
that real problem complexities could not be included in existing algorithmic approaches to
VRSP. They refer to studies performed in identifying characteristics that are best addressed

by ES. Some of these characteristics are in common with VRSP, which are:

e Very complex that cannot be solved by an algorithm,
e Requires a large amount of data analysis,
e Not clearly defined with specific boundaries,

e Have recognised experts, who are better than armatures.

In addition, [27] suggest that in a scheduling problem with non-quantifiable situations
and/or soft constraints, ES methods are found being more effective than the general
optimisation methods. They further argue that in global optimisation methods, there is a

lack of explanation for decision on assignments. Even though the ES do not have

ﬂ
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knowledge of the global optimum, they would increase the smartness and knowledge on

making decisions. For this reason they proposed development of an ES for dynamic VSP.

Also, [54] were first to demonstrate the application of Neural Networks (NNs) in NP-Hard
combinatorial problems. They introduced the well-known Hopfield NN to address TSP.
Also, there have been studies in using NNs in fields such as VRPs, shortest path problem
and scheduling applications. VRP has been addressed using self-organising NN [55]. In
addition, [56] has used a Hopfield NN to locate an optimal solution for the shortest path
problem. Furthermore, a stochastic NN approach was proposed to address resource
constrained scheduling and project scheduling [57]. Also [58] proposed an alternative NN
model for modelling the decision process of expert dispatchers for dynamic Dial-a-Ride
problems. They concluded that a NN based expert dispatch system is feasible. They also
emphasised the flexibility of NNs approach as an attractive feature allowing NN to be
trained in various dispatching environments and dynamically adapt to them during their
training phase. This adaptive behaviour is certainly a major asset, as compared with
classical expert system approach where the decision rules must be “a priori” determined

and tailored to each specific context.

Fuzzy logic was also used successfully to model situations in which people make decisions
in an environment that is complex and very hard to develop a mathematical model [59]. In
most vehicle routing models, it is assumed that travel time, transport costs and the distance
between pairs of nodes in the network are constant values known in advance. However,
dispatcher decision makers most often make a subjective estimate of travel time based on
their experience and intuition [3]. For instance, a dispatcher typically expresses the
estimated travel time as short, long and etc. [60] treated travel time and transportation costs
between two nodes in network as fuzzy numbers. They modified the Clark and Wright [38]
algorithm when travel times in a network are treated as fuzzy numbers. Also, [61]
developed an algorithm to route vehicles when demand at the nodes is uncertain. This

method is based on the Sweep heuristic and fuzzy logic.

In order to overcome the real situation in which there exists vagueness and difficulty

determining the amount of supply and demand as specific numbers, [62] considered a fuzzy

. === —————— L o e
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version of the transportation problem by introducing two kinds of membership functions
which characterize fuzzy supplies and fuzzy demands. The objective was to determine an
optimal flow that maximizes the smallest value of all membership functions under the

constraint that the total transportation cost must not exceed a certain upper limit.

Also, [63] showed that route choice in vehicle routing and scheduling plays a critical role in
many transportation problems. The route choice is typically characterized by subjectivity,
ambiguity and uncertainty. In such cases, fuzzy logic seems to be an appropriate approach
to deal with these concepts. In addition they developed a heuristic way for handling fuzzy
perceptions in explaining route choice behaviors. They developed a hybrid model where
route choice decision-making is described in a hierarchy using concepts from fuzzy logic.
Also the Analytical Hierarchy Process (AHP) is proposed for making possible a more

proper description of route choice behavior in transportation systems.

GAs as introduced in 2.3.5.3, are a member of evolutionary algorithms, which is a family of
computer models based on natural selection and natural genetics. GAs are typically used for
optimization problems. These algorithms are applied highly to linear, non-linear, stochastic
combinatorial complex problems, where it is hard to find a model, which provides an
approach to the solution. However, GA is not guaranteed to find the global optimum of a
problem, it only ensures to find better solutions than randomly initialized ones. GAs
represents a number of features providing better efficiency and robustness and more

advantages than other searching methods. These features include [64]:

e GA deals with a parameter code and not the parameters themselves,

e GAs are multiple parameter searching algorithms. They search multiple combinations
of different parameters. Thus, the probability of obtaining local optima would be
reduced.

e GA uses objective function information only, and they do not use any other auxiliary
mathematical knowledge, such as gradients, derivatives, etc. therefore, GAs may have
wider ranges of applications than mathematical based methods.

e GAs exploit the principles of rules for probabilistic transition to find optimal solutions.
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These features provided considerable flexibility in adapting this technique to particular
applications. For this reason these algorithms are being considered for use in those
problems with complex solution spaces for which there are not efficient algorithms. A
number of GA application to address VRSP are presented in Appendix A. Also a more in
depth review of GA in VRSP is provided in chapter 3.

In addition to the above applications, GAs are powerful optimisation tool, which are
particularly appropriate to multi-objective optimisation. In classical methods, an algorithm
has to be applied many times to find multiple Pareto-optimal solutions. In addition some
algorithms are sensitive to the shape of the Pareto optimal front [65]. However, GAs
maintain a population of solutions and therefore, can search for many non-inferior solutions
in parallel. The GAs ability to produce a set of solutions in a single run without converging
to strong domain specific assumptions provides benefits over conventional Multi-objective
methods. To this effect, [66, 67] used GA to address multi objective transportation
problems. Their works are briefly described in Appendix A.

2.12  Simulation Technique

Simulation is a modelling technique that is gaining popularity in tackling problems faced
by manufacturing and service industries. A number of researchers [68] define simulation as
the process of designing a model of a real system and conducting experiments with this
model for the purpose of understanding the behaviour of the system and or to evaluate
various strategies for the operation of the system. This technique can then assist the user in
decision making, thereby reducing the time and costs associated with experiments on a real

system. This also minimises risks associated with experiments on real systems.

However, simulation as an experimental tool does not solve a problem or optimise a design.
It supports in evaluating a solution and providing understanding of problematic areas rather
than generating a solution. An optimum solution can only be obtained through

experimentation by running and comparing the results of alternative solutions.

Simulation is a powerful, versatile, and flexible tool that is being used in different ways

through a variety of manufacturing and service industries. In particular simulation

_
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modelling could be useful for resource scheduling. Scheduling can be described as the
allocation of available resources over time to meet performance measures defined for a
system. In terms of scheduling theory, most of scheduling problems are in the class of NP

hard.

Simulation tools provide a set of rules and definitions that allow one to define a scheduling
system in term of its constraints and the way in which resources are used to perform
operations. By setting experiments to examine effects of different combinations of resource
assignments on the overall systems performance, a feasible schedule may be obtained. In
this way, the scheduler can be sure that all the possible combinations and exceptions are
considered and the systems’ objectives are met. Therefore, simulation can provide
management with data that can assist in more informed decision making for scheduling and
utilisation of the system resources. Also, [69] suggested that both simulation and
optimisation models are needed to meet the changes in transportation and logistics/supply
chain problems of today and the future. For this reason they further suggest that the
simulation packages need to incorporate logistics and transportation constructs and

terminology to facilitate model building in a more convenient way.

Also [70] developed an agent-based modelling simulation approach to assist management
of logistics operations. This approach was conducted due to the need for mangers of
logistics operations to be able to adapt the ever-changing demands of their environment and
customer demands. The application and benefits of simulation modelling in logistics and

supply chain management are further described in chapter 3.

2.13  Conclusions

This chapter highlighted Logistics management as being evermore-complex processes due
to greater demands from customers and increased competition from competitors. One area
that determines the efficiency of logistics management is the Vehicle Routing and
Scheduling (VRS) activities. The complexity of these problems is mainly due to the
existence of many parameters and constraints concerning manpower, vehicles,

environments and other real world constraints.
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The VRSP is formulated as a NP-Hard combinatorial problem, which requires the optimum
allocation of resources to manage required transportation with respect to the operational
constraints and time restrictions. To this effect a review of optimisation methods such as
integer and dynamic programming were provided. However, both IP and DP require large
data storage and computation time when faced with complex real world problems.
Heuristics as an alternative approach were introduced. These methods typically require
reasonable computation time to generate solutions close to the optimum. Also, some widely
used general-purpose heuristics to address combinatorial optimisation problems were
introduced. Some of these methods were such as tabu search, simulated annealing and
Genetic algorithms. Although each of these methods presents potential advantages but GA
represents a number of features that would result in a better efficiency and robustness,

making this technique more flexible and adaptable for particular applications.

This chapter reviewed some of the existing methods used to address VRSPs. It was evident
that the existing approaches are found inadequate in addressing VRSPs. Some of the clear

shortfalls of these methods are such as [3, 71]:

e The traditional optimisation approaches have very limited applications and these
require high computation time.

e The heuristic approaches are capable only to specific variation, a slight difference in
the structure of the problem make the algorithm inefficient.

e The metaheuristics methods require higher computation time and they are context

dependent.

Any improvements in addressing the above shortfalls could greatly impact the credibility
and reliability in managing VRS activities. To this effect, this chapter presented a number
of enabling techniques such as the use of Al and simulation techniques. These techniques
present potential benefits in addressing the current shortfalls. The next chapter further
illustrates how these techniques could be used to assist in addressing VRSP.
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3.1 Introduction

It was evident from literature provided in the last chapter that the management of logistics
activities is found to be a difficult and complex task. This could be partially due to factors
such as uncertainty, vagueness, subjectivity and non-quantifiable measures that managers
are faced with. For example uncertainty exists in the availability of raw material at supply
sources and demand levels for the final items by the customers. Also decision on route
assignments is not normally based on quantifiable and specific metrics. Parameters such as
convenience and safety could play an important role in route assignment, which are not
clearly defined or addressed. Above all, logistics operations are preformed in a least
automated and controllable environment. In this environment, the logistics activities are
subjected to uncertain road and weather conditions, geographical restrictions and resources

availability leading to much subjective decision-making.

The conventional algorithmic approaches were shown to be inadequate in capturing and
therefore addressing the real world complexities. In particular these methods failed to
capture the stochastic and dynamic nature of the VRSP, they did not address the multi-
criteria nature of these problems and also these failed to provide alternative solutions.
Improving any of these mentioned areas would greatly impact the flexibility and credibility

of decision-making in handling practical VRS problems.

For this reason, this chapter introduces an architectural design for a hybrid decision support
system to address vehicle routing and scheduling for more flexible and versatile logistics
management. Each component of this architecture is further described. The principal aim of
this chapter is to introduce search the engine component of the proposed DSS. For this
reason it describes the concept of random search; genetic algorithm and Pareto genetic
algorithm. Furthermore, this chapter provides a review of the different Genetic
formulations of vehicle routing and scheduling problems. It further describes the recent

developments in field of Genetic algorithms.
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3.2 Proposed Architectural Design

A decision support system is proposed as part of requirements to assist managements in
decision-making in terms of finding an optimum or near optimum monthly LPG
transportation schedule. The proposed DSS is composed of two integrated modules, a
search engine and a simulation module as shown in Figure 3-1. The following briefly

specifies the functionality of each of these modules.

Simulation Out puts |
System Performance
Measures

—

Search Engine l Stulation Wodsi
. e s |
Random Search i““'--—_________-:——-'""' | |
A List of near optimum |
. | " monthly Plans for VRS > Witness Simutation
Genetic Search E l Platform
= § -—-__.___._-~—""
Pareto Genelic Search |

ﬁ‘igure 3-1DSS Architectural De—sign

e The search Engine Module:

The purpose of this module is to search for the near optimum schedules for LPG
transportation. A schedule specifies the fleet size, the routes to be taken by each truck
considered and also it specifies the expected loading and unloading times for transportation
by trucks. There were three different search engines developed in this platform. These
search mechanisms are based on random search, Genetic Algorithm and Pareto Genetic
algorithm, which are further described in latter sections. Using any of these options a large
candidate transportation schedule is generated. The outcome of this search engine is a list
of optimum transportation schedules, which are stored in database for latter applications.

This module of the DSS is further described in this chapter.

¢ The Simulation Module:
Witness simulation tool was used to develop a simulation model from the distribution
system under investigation. This module uses the data in the database to generate a

simulation model for the system. The simulation model allows for the incorporating of the

—
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dynamic behaviour of the system in terms of real constraints such as: refineries, processing

plants and vehicle breakdowns, availability of resources, supply and demand levels and etc.

Also, using the transportation schedules from the search engine, the simulation model is
used to evaluate the effect of different vehicle schedules on the systems performance
measures such as average delays, deliveries completion times, work in progress, inventory
levels and etc. The output from this module is stored in a Database for any further analysis.

The simulation module covered in chapter 4.

3.3 Random Search

The random search technique is the most well known and also the simplest of stochastic
methods as introduced in chapter 2. This method depends on randomly searching the
objective function parameter space in order to find the optimum value of the objective
function. As indicated in [72], this method is a powerful approach due to its lack of
necessity of differentiating the objective function and also its simplicity. This simplicity

makes it clear and customisable for various special problems.

In this approach a random search technique was used to randomly search the solution space
for the optimal transportation schedule. In this method transportation schedules are
generated randomly. That is the decision variables such as: trucks, routes and start times are
randomly selected from their respective decision space. Based on these decision variables
transportation schedules are generated and the objective function is evaluated to find the
fitness of the schedule. This method unlike the genetic algorithm does not introduce any
intelligence or stochastic operations on selecting different decision variables. The main aim
in developing this method was to compare the performance of Genetic search with the
random search for validation of the Genetic algorithm developed for the considering

problem.

3.4 Genetic algorithms (GA)

Genetic algorithms have been developed by John Holland [73] at the University of
Michigan during the 1970’s. Goldberg [74] describes Genetic algorithms as search

procedures based on mechanics of natural selection and natural genetics. The Literature

e ——. == ———===——— B ————————————— .
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refers to his original work as the “Simple Genetic algorithm ” (SGA), which is used as a

foundation of almost any new work carried out in this area.

In its most general form, a SGA creates a population of feasible solutions and generate
future populations based on natural selection. To complete an optimisation problem by GA,

there are four steps that should be followed.

o The first one is to represent the problem with a bit string (chromosome) so that its
optimisation can be performed based on it.

e The second step is to produce an initial population of offspring generated randomly.

e The third step is to compute the fitness of each member of the population by an
evaluation function.

e Then given a population of individuals, a number of individuals are selected and

changed by means of crossover and mutation to produce new offspring.

The probability of a particular individual passing its genes into a succeeding population is
directly proportional to its fitness. The fitness of a string is a measure of the quality of the
solution represented by the string. The higher fitness corresponds to a high value or a low
value of the function considered. The fitness evaluation and operations by crossover and
mutation operators are very important and determine the evolution level and convergence
speed. In the SGA although the selection is clearly not “Natural”, individuals are selected to
survive into the next generation on the basis of their fitness. In SGA each generation
produces the next and then dies off, so that an individual in generation g never has a chance
to breed with one in generation g +1. Figure 3-2, illustrates the working of the SGA and its

basic components.
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' Figure 3-2 Format of a Simple Genetic algorithm-

End

In each cycle of GA operations, a new generation of possible solutions for a given problem
is produced. After some number of generations, it is hoped that the algorithm will converge

on the best individual in the final population representing a near optimal solution [75].

GAs have been quiet successfully applied to discrete optimisation problems like routing,
scheduling, transportation problems, travelling salesman problems, etc. However, [76]
warned against perceiving GAs themselves as optimisation algorithms. He suggests
thinking about GAs as highly idealised simulations of natural process, in which they

embody the goals and purposes of the natural process.
In general GA has eight basic components: genetic representation, Initial population,

evaluation function, reproduction, selection scheme, genetic operators, stopping criteria and

GA parameter settings. These parameters are further described in the following sections.
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3.41 Genetic Representation for potential solutions

In GAs, chromosomes must be encoded in a way to represent a complete solution for the
considered problem. As indicated earlier the classical representation for GAs is binary
digits. However, the encoding mechanism highly depends on the nature of the problem
variables. In fact, other representations such as integer and floating point have been found
to find better solutions for different problems. Reeves [77] suggests, one of the main

reasons for GA failures is due to selection of inappropriate coding scheme.

3.4.2 Generation of Initial Population

The generation of the initial population is necessary to start the GA process for finding the
optimum solution. The size of the initial populations is an important parameter to be
specified. The size refers to the number of chromosomes that are in a population. If there
are too few chromosomes, then the GA have few possibilities to perform crossover and
therefore only a small part of search space is explored. On the other hand, if there are too
many chromosomes, GA slows down. For the given size, chromosomes are often
constructed randomly by sampling values for variables in their respective decision spaces.
The generated chromosomes may not satisfy all the constraints considered in a problem.
Therefore, the aim of the GAs process would be to improve the individual chromosomes of
the population through successive generations to find the optimum chromosome (i.e.

solution).

3.4.3 Fithess Function and Evaluation of Chromosomes

The generated chromosomes are evaluated based on their fitness. Each individual
chromosome represents a potential solution to a problem. The evaluation function assigns a
real number as a measure of fitness to each solution. This function is used to rate solutions
in terms of their fitness. Usually the evaluation function is a monotonic function of the
problem objective function. The performance of each chromosome is then reported with

respect to the constraints imposed by the problem.

34.4 Selection For Reproduction

One of the main GA operators that would influence the performance of the evolutionary

algorithm is the selection method. Selection is the operation whereby candidate solutions

__— = ————————————————
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(i.e. chromosomes) are selected for reproduction. In general the probability of selection

should be proportional to the fitness of the chromosome in question.

The main goal of the selection procedure is to reproduce more copies of chromosomes
whose fitness values are higher. In a GA, the selection is based on the natural law of the
survival of the fittest among the chromosomes. It has a significant influence on driving the

search towards a promising area and finding good solutions.

Whitley [78] argues that there are only two primary factors in a genetic search, which are
associated to selection schemes: population diversity and selective pressure. The
population diversity is the portion of chromosomes of a population that is selected during
the selection phase. The selective pressure is the probability of the best chromosome being
selected compared to the average probability of selection of all chromosomes. These
parameters have a great influence on the performance of the Genetic algorithm and a good
selection scheme must have a balance between these two. As selective pressure is
increased, the search focuses on the top individuals in the population, but because of this
‘exploitation’ genetic diversity would be lost and this may result in premature convergence.
Reducing the selective pressure increases ‘exploration’ as there are more genotypes and
thus more schemata involved in the search and consequently this may make the search slow

and ineffective.

The first and possibly the most recognised work in this area were by De Jong [79] in 1975.
Since then a number of selection schemes have been suggested for GA. These methods
could be either deterministic or stochastic. Some of these techniques are described in the

following sections:

3.4.4.1 Fitness Proportionate Selection

The most common approach is fitness proportionate selection. In this scheme, a string with
fitness value f; is allocated f;/ f,, offspring, where f,, is the average fitness value of the

population. A string with a fitness value higher than the average has a chance of allocating
more than one offspring, while a sting with a fitness value less than the average may

allocate no offspring in the next generation. For this reason the allocation techniques

_— Y —————— —————— —— — ———————
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usually include some randomisation to remove methodical allocation biases toward any

particular set of strings to match the expected number of offspring f;/ f,.

The SGA uses the roulette wheel selection scheme to implement proportionate selection.
This selection method is in fact a linear search through a roulette wheel with the slots in the
wheel weighted in proportion to the individual’s fitness value. The better the chromosomes
are, the bigger their fitness value, the larger their section and therefore the more chances to
be selected. This method chooses chromosomes probabilistically, instead of
deterministically. In this way, if a chromosome has the highest fitness there would be no
guarantee that it will be selected. In fact, on average a chromosome will be chosen with the

probability proportional to its fitness.

One of the drawbacks of roulette wheel selection is that highly fit chromosomes would take
a significant portion of the wheel resulting in premature convergence, when there is

insufficient difference between solutions.

Max g o e—e—— e —— — o - —— <k
Y 3 o Candidate So|=|n|::¢(2 in o mmsa:um In
. T a=Ie [ i=l+q
LY $=0 I §=0
Fitness s 41— _I__ — o
Values \ =S+ 0 =8+
Count < \ 8§=8 + Fitness(i) 8=8 + Fitness{l)
e i H | =Pslze SR —
_ ~ I
8 Yes
Min AT e s T —_—t T
from the Interval (0,8)=R ~ i
1 Rank ® Retum Chromosams (1)
Figure 3-3 Fitness assignment in the ranked based Figure 3-4 Roulette Wheel Selection
Algorithm
Scheme [74]

3.4.4.2 Tournament Selection

Tournament selection [80] could be considered as a noisy version of the rank selection. In a

single iteration, this method randomly selects some number £ of individuals and selects the
== ———"—————— W ———,,...-._....— —— ——
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best one from this set of k elements into the next generation. This process is repeated for
population size a number of times. Typically the & value is set to 2. It is possible to use
either raw or scaled fitness with this scheme. This process inherits the advantages of rank
selection but does not require the global reordering of the population and it is more inspired

by nature.

In addition to the above-motioned methods, Appendix B provides description on the Rank-
Based Selection method. [81] compares four different schemes; proportionate selection,
fitness ranking, tournament selection and steady state selection. They concluded that by
suitable adjustment of parameters, all these schemes apart from proportionate selection can

be made to give similar performances, so there is no absolute best method.
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W
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¥
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Figure 3-5 Tournament Selection Method

3.4.5 Recombination Process Using Genetic Operators

The Genetic algorithm could be described as proceeding from one population to another.

This is achieved by recombination process, which uses genetic operators to produce a new
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population of individuals by manipulating the genes possessed by parents of the current

population. This operation involves two operations known as crossover and mutation.

3.4.5.1 Crossover

Crossover serves as a mechanism by which parent chromosomes can exchange information
(genes) and possibly create more fit new offspring and therefore allowing the exploration of
new regions of the search space. The idea behind crossover is that the new chromosomes
may be better than both of the parents if it takes the best characteristics from each parent.
This is an operator that enables the GA to exploit the current neighbourhood and is

expected to move the GA to a local optimum.

In general crossover takes place during evolution based on the user defined crossover
probability (P.). The value of P, lies in the range of 0 to 1. If P, = 0, then there is no
crossover and the population is made from exact copies of chromosomes from the old
population. When P, > 0, a part of the new population is formed by crossover and if the

crossover probability is one, then all the new offspring are made by crossover. There are a
number of ways to exchange these genes. A number of these methods are presented here.
The reader can refer to Appendix B for further reading on Order and Cycle Crossover

operations.

The Classic Crossover: Holland [73], has presented two Classic Crossover techniques

known as The Single Point Crossover and Two-Point Crossover. Most of the new
approaches developed mainly involve variations of either of these operators.

e Single Point Crossover: This operator was first introduced by Frantz [82]. Considering

that / is the string length of a chromosome, a single point crossover is randomly chosen
in the range of 1 and /-1. The portions of the two strings beyond this crossover point are

exchanged to form two new offspring. The crossover point may assume any of the /-1

possible values with equal probability. Figure 3-6 and Figure 3-7 illustrate this process.
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Crossover Point

[alsfcfoielrfefn] ]y]
i
Figure 3-6 Before Crossover
[~ [ e[ NSRS
(RN = [ - [o[n] ]

Figure 3-7 After Crossover

e Two point Crossover: This form of crossover was first defined by Cavicchio [83]. In

this operation, two crossover points are randomly chosen. The strings between
successive crossover points are swapped between the two parents to generate two new

offspring.

Crossover Point 1 Crossover Point 2

| |
[A]lsic]p]e|Fr]eimn] 1] J]

Figure 3-8 Before Crossover

[ o [ o[ =T r ] o AN

Figure 3-9 After Crossover

In addition to the classic genetic operators, a number of crossover techniques have been
developed which are mainly used for route representation. These operators are mainly used
to address route assignments in TSP. These operators are as follows:

e Partially Mapped Crossover (PMX): This operator was proposed by Goldberg and

Lingle [84]. Using this operator, two strings are aligned and two crossing sites are
picked uniformly at random points along the strings. These two points define a
matching section that is used to affect a cross through position-by-position exchange
operations. For example the two parents with the two cut points marked as indicated in
Figure 3-10 would produce offspring in the following way:

e First the segments between cut points are swapped as shown in Figure 3-11, (the
symbol X represents the unspecified genes).

e This swap also represents a series of mappings as indicated in Figure 3-12.

e Then fill the genes from the original parents, for which there are no conflict as indicated
in Figure 3-13.

——————— e R —————my
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e Finally, replace the X locations using the mapping relationship exists as shown in
Figure 3-14.

Cut Point 1 Cut Point 2
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Figuré 3-11 After Swappin'g
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Figure 3-12 Mapping strings
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Figure 3-13 Replacing genes with no mapping conflicts

s e [
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Figure 3-14 Replacing genes using the mapping relations

The PMX is aimed at maintaining the inheritance of adjacency and the relative order of the

genes in the chromosome structure.

3.4.5.2 Mutation

After crossover, strings are subject to mutation. This is a genetic operator that alters one or
more genes of a selected chromosome from their initial state with a probability equal to the

mutation rate. The idea behind this operator is to increase diversity in a population.
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Mutation probability (P,,) defines the probability of mutation of chromosome. It must be
noted that the genes are independently mutated and therefore the mutation of a gene does
not affect the probability of mutation of other genes. Mutation is considered as a secondary
operator with the role of restoring lost genetic material. For example, if all the string in a
population have converged to a 0 at a given position. Then crossover cannot regenerate a 1
at that position, while a mutation could. In general mutation is used to prevent a genetic
algorithm falling into local extrema, but it should not occur regularly, because then the GA

would in fact change into a random walk. The mutation may result in finding better optima.

Sometimes, especially late into the GA run, populations can stagnate and concentrate
around local optima. When this happens, the gene pool can become too concentrated and
standard mutation rate cannot generate sufficient diversity to enable the algorithm to free
itself quickly enough. To overcome this, the mutation rate is raised to a higher level for a
generation or two. This process is called hyper-mutation. A number of mutation techniques

are available, which are described as follows:

Classic Mutation: this is also known as Flip Bit. In binary coding the flip bit involves

random alteration of the value of a string position. This simply means changing a 1 to 0 and

vice versa as indicated Figure 3-15.

—
e —

</ N4
Figure 3-15 Flip Bite Mutation

Swap Mutation: This is the smallest possible random modification of a chromosome.

According to the mutation probability, one or more pairs of genes are selected randomly
and they are swapped to produce new offspring. Figure 3-16 illustrates this process, where
genes B and E are randomly selected and they are swapped to produce the new

chromosome.
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(a) Before Mutation

A E Cc D B F

(b) After Mutation

Figure 3-16 Swap Mutation
Scramble Mutation: Davis [85] introduced this operator as an alternative to the swapping

mutation. He suggested that the swapping method does not work as well as expected having
tried it on many different problems. The scramble method selects a fragment of genes from

a chromosome and scrambles it in the offspring as shown in Figure 3-17.

Chosen Fragment

(b) After scrambled mutation

Figure 3-17 Serambled mutation

3.4.6 Generational Cycle

The generational cycle in GA is the cycle of reproduction of a new population using a
selection scheme, and recombination of chromosomes using GA operators (Crossover &

Mutation). Figure 3-18 highlights the generational cycle within GA operations.

Initlating the first population of ch
New _AL_
generation p
i (Chro;nosomes) Pecoding
I._._......_______.._.._._ —— -
I ; Paronts § I
Genetic Operators \ { Fitness function
I . (Crossover & Mutation) A Evaluation I
| eSO (MatingPool) |

Generational Cycle

Figure 3-18 GA Generational Cycle
_— ——— - -

-52-




Chapter 3: Methodology

Figure 3-19, represents an example of a generational cycle with an initial population of four
chromosomes of 10 genes each. The objective function, which is used to measure the
goodness of each chromosome in the pool, is the summation of ones in a string. Then,
objective function is divided by ten to normalise the fitness values to a range 0 to 1. As
indicated the four chromosomes have fitness values of 0.5, 0.5, 0.2, and 0.9 respectively.
Based on the proportional selection scheme, there must be 1.0, 1.0, 0.4, 1.7 offspring
allocated to each chromosome. However, the final allocations of offspring in this case are:
1,1, 0, and 2.

1234|5678910

Initial Population
Ch1
[Ch2
Ch3
Cha
Selection
Chd

chal 1] 1|11l 1)]1]11f(111]0

chijojojofof1]1]1]111]0

[ch2

Crossover

Ofs1

Figure 3-19 A generational cycle in SGA

The next step is to generate a second-generation pool of chromosomes, which is done using
a selection operator, which results in the selection of chromosome 1, 2 and 4. Selection is

biased towards elements of the initial generation, which have better fitness. Following
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selection, the crossover (or recombination) operation is performed upon the selected
chromosomes. This involves randomly pairing individuals for crossover operation. As
indicated in Figure 3-19, chromosomes 1 and 4 form one pair, while chromosomes 2 and 3
form the second pair. The crossover rate is assumed to be 100%. Therefore, in the first pair
the crossover point falls between forth and the fifth bits of the strings and the portions of
chromosomes 1 and 4 beyond the fourth gene are swapped. In the case of the second pair,
the crossover point randomly falls between the second and the third genes. Population 3
represents the chromosomes after crossover.

The next step is to mutate the newly created offspring. The action of mutation on
population 3 can be seen in population 4. Only two genes out of 40 have been mutated,
which means an effective mutation rate of 0.05. These processes ultimately result in a
second-generation pool of chromosomes that is different from the initial generation.
Population 1 represents the initial population and population 4 represents the next

generation. Populations 2 and 3 represent the intermediate stages in the generational cycle.

Generally, the average degree of fitness will be increased by this procedure for the second-
generation pool, since only the best organisms from the first generation are selected for
breeding. The entire process is repeated for this second generation. The process is repeated
until a stopping criterion is reached. This could be terminated after a fixed number of
generations, after a chromosome with a certain high fitness value is obtained, or after all the

strings in the population have attained a certain degree of homogeneity.

Typical SGA uses a population size of 30 to 2000, crossover rates from 0.5 to 1.0 and
mutation rates from 0.001 to 0.1. The population size, mutation rate and crossover rate are
together referred to as the control parameters of the SGA and these must be specified

before its execution.

A slight variant of this method of pool generation is to allow some of the better organisms
from the first generation to carry over to the second, unaltered. This form of genetic

algorithm is known as replacement strategy.
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3.4.7 Replacement Strategies

After every crossover and mutation, new strings are created. Poor performing offspring are
replaced in the new generation with a replacement strategy. These strategies specify how
the next generation are to be created. Typically, the child replaces the parents. However,

there are different variations to this rule attempting to preserve population diversity.

De Jong [79] suggests that most of these methods are instances of the crowding methods.
In these methods, new individuals are more likely to replace existing individuals in the
parent population that are similar to themselves based on genetic similarity. They have been
used to locate and preserve multiple local optimums in multimodal problems. Effective
crowding methods are such as: Restricted Tournament Selection (RTS) [86],
Deterministic Crowding [87], Elitist Recombination [88] and Keep-Best Reproduction
[89].

In addition, some replacement strategies developed for Steady State Genetic algorithms
(SSGAs) include: first-in-first-out strategy (FIFO) [90] and conservative strategy [91].
In this study, the ELITISM strategy was implemented. In this method the best individual at
generation k (the father) is maintained in the next generation k+I if its child has a
performance inferior than its father. Typically, the best individuals are placed in a
temporary buffer before selection and then added into the new population after selection;
crossover and mutation have been carried out. Elitism can very rapidly increase
performance of GA, because it prevents losing the best-found solution to date. A variation
to this method is to eliminate an equal number of the worst solutions that is for each "best
chromosome" carried over a "worst chromosome" is deleted. Without the elitism, the best
results can be lost during the selection, mutation and crossover operations. Some recent

GAs methods implementing elitism approach are presented in [92, 93, 94].

3.4.8 Initialising the values of control parameters

GAs find solutions by exploration and exploitation of the search space. The functionality of
GA is mainly based on its common balance on its exploration of new search regions and its
exploitation of the already sampled region. This balance is highly dependent on the values

of the algorithm’s control parameters such as crossover probability (P), mutation

ﬂ
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Probability (P,), maximum number of generations (G,) and number of individuals in the
population (). The Crossover and mutation operators are two important genetic operators,
where crossover allows the algorithm to explore a particular hyper plane and mutation leads
the algorithm to exploit different hyper planes. Therefore, the interaction of genetic

operators is essential in reaching the optimum solution.

One of the earliest studies of genetic algorithm control parameters is that of [79]. Based on
his observation, he suggested that a setting for population size, probability of mutation and
crossover with values 5, 0.60 and 0.001 respectively, would give satisfactory performance
over a wide range of problems.

Expanding on this work, [95] performed a more systematic study on the effects of the
control parameters. They used a GA to optimise these parameters and concluded that the
setting of (N=80, P;~0.45, P,;= 0.01) would give to the best performance when considering

the average fitness of each generation as the indicator.

While the choice of the initial values for the control parameters has been analysed in both
analytical and empirical investigations, no theoretical method has been introduced to select
the optimal control parameters for the GA yet [96]. However, the following factors should

be considered in the selection of the initial value for the control parameters.

e Increasing the crossover probability increases recombination of chromosomes, but also
it increases the disruption of good strings.

o Increasing the mutation probability tends to transform the genetic search into a random
search, but it also helps to re-introduced lost genetic material.

e Increasing the population size increases its diversity and reduces the probability that the
GA will prematurely converge to a local optimum, but it also, increases the time
required for the population to converge to the optimal regions of the search space.

e The number of generations influences the searching time and searching result. The GAs
with larger search space and less population size would need more generations for to

converge to a global optimum.

Several researchers have proposed control parameter sets that guarantee good performance

on chosen test-beds of objective functions. Two distinct parameter sets have been
#
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introduced: one has small population size and relatively large mutation and crossover
probabilities, while the other has a large population size, but much smaller crossover and

mutation probabilities. These methods are introduced in [97] and [98] respectively.

3.49 Comparison of GA with other Optimisation techniques

Several well known optimisation methods have been proposed for combinatorial
optimisation problems such as Dynamic Programming (DP), Lagranean Relaxation (LR),
and other heuristics as presented in chapter 2. Researchers suggest [99, 100] that DP is a
time consuming algorithm, LR is limited by “duality gap” which will result in the loss of a
global optimum solution. Also heuristics do not provide high quality solutions, and they
need high computation time for better quality solutions. In addition, the Simulated
Annealing (SA) and Tabu Search (TS) algorithms as were introduced in chapter 2. Studying
the characteristics of each of these general optimisation methods, a number of facts could
be summarised as follows:

e The focus of TS and SA has traditionally been that of combinatorial optimisation, while
the GA has more commonly dealt with problems where real-valued parameters are
used;

e In using these methods, there is neither need to know anything about the problem to be
solved nor to assume all quantities are exact or deterministic;

e There is considerable scope for parallelisation of these methods, and in the case of GAs
in particular such concepts have let to interesting new ideas of ‘spatial’ as well as
‘temporal’ population interaction;

e It is nonetheless true that in many cases the performance of the techniques can be
considerably enhanced by building in some problem specific knowledge;

e Like SA and TS, GA provides the user with several parameters to tune;

e In TS as in the case of SA, the heuristic does not know the optimum has been found and
carries on exploring;

e In TS unlike SA, the search may not remain close to the optimum;

The above methods, illustrate that GAs differ substantially from more traditional search and

optimisation methods. The most significant differences are [75]:

e GA searches a population of points in parallel, not a single point;
#
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e GA does not require derivative information or other auxiliary knowledge. In fact, only
the objective function and corresponding fitness levels influence the directions of
search;

e GA uses probabilistic transition rules, not deterministic ones;

e GA can provide a number of potential solutions to a given problem;

The power of GAs come from the fact that the technique is robust, and can successfully
deal with a wide range of problem areas, including those, which are difficult for other
methods to solve. GAs are not guaranteed to find the global optimum solution to a problem,
but they are generally good at finding “acceptably good™ solutions to difficult problems
“acceptably quickly”. For this reason GA was selected as the optimisations tool for this
vehicle routing and scheduling system. Having mentioned all that, it is nonetheless true that
in many cases the performance of these techniques can be considerably enhanced.

Appendix B, provides some recent developments into building more effective techniques:

3.5 Genetic algorithms and Vehicle Routing and Scheduling

(VRSP) Formulations
As indicated earlier VRSP is classified as a NP-Hard combinatorial problem [65, 101]. It is
very difficult to solve these combinatorial problems to optimality and their computational
burden exponentially grows with the problem size. Accordingly, any GA application for
combinatorial problems could be useful for addressing these problems. This section is
devoted to the application of genetic algorithm in related combinatorial fields to this
research such as transportation, vehicle delivery scheduling, vehicle scheduling, vehicle
routing, and logistics problems. The aim is to investigate how the fitness function is
formulated for GA operations and what criteria and constraints are considered in the

respective formulation.

3.51 Genetic algorithms in Transportation Problems:

Vignaux and Michalewic (1991) [102] developed two systems known as Genetic-1 and

Genetic-2 to address a linear transportation problem. In Genetic-1, they used classical
genetic algorithm, where they used bit strings to encode chromosomes [list of 0’s and 1’s].
A bit vector was defined for a solution in the transportation problem. Vectors are presented
as [Vo, Va...,V,], [P= n.k], such that each component V; [1=1,2,...,p], is a bit vector

_— e ————
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[wd'...,ws] and represents an integer associated with row j and column m in the allocation

matrix, where j= [_(i -1)/k+ IJ and m= [i-1] mod k+1. The fitness function was expressed

as the total cost of transporting items from sources to destinations and it is given by the

formula:

eval(<v1,v2,. > Z 2 cost[jlm] @)

where,
n = number of sources,
k = number of destinations,
P=nk
i = sources,
Jj = destinations,
cost (i,j) = the unit transportation cost between source { and destination j

However, there is no natural definition of genetic operators for the transportation problem
with the above representation. Application of any GA operators would result in violation of

constraints and results in loss of symmetry in expressing the constraints.

The Genetic-2 approach was based on matrix structural representations. In this approach

the fitness function was expressed as:

k n

eval(v,) = Z z V,;.C08 1ilm] 0 s (2)

J=1 j=1

This formulation was easier than that in the Genetic-1 approach. They concluded that the

matrix-based algorithm performed better than the vector-based version.

Cadenas and Jimenez [1994] [66] proposed a Genetic algorithm based solution method to

the case in which fuzzy goals were assumed in the multi objective solid transportation
problem. Fuzzy sets were used to model data that are not known with certainty by the
decision makers. They formulated the fitness function as the objective function of the linear

programming problem:

eval(vijk)zzp:wp,up(Zp) ............... 3)

OSwp <l,forp=12..,P



Chapter 3: Methodology

Where,
i=1,2, ..., m (sources),
j=1,2, ..., n(destinations),
k= means of conveyance

P = decision criterion

Also, 4, (Z p) is a membership function corresponding to p-th objective. Also,w,

represents the weight factor to reflect the relative importance of each objective.

Jimenez and Verdegay (1996) [67] proposed a Non-standard Genetic algorithms (NGA)
based solution method to a multiobjective solid transportation problem, considering
possible non-linearity in the objective functions. In this approach they suggested the use of
intervals for uncertain data rather than typical point values for data such as supplies

demands and conveyance. In their approach the objective function was formulated as:

m n_ 1

z=§p:wpzzz ) )

p=1 i=l j=1 k=1
for p=1,..., P
Subject to:
n K
X, =4 fordi=12,..m g (6)
j=1 k=1
m K
PIDIP TN - N E 3 0 e — (7
i=1 k=1
S Xy =E . forok=12,,n (8)
i=l j=1
Xy 2o foroall i, j,k C))
Where,

i=1,2, ..., m (sources),
j=1,2, ..., n (destinations),
k= means of conveyance
P = decision criterion

Xjr- the amount of product transported from source I to destination j by means of conveyance k

Where p represents the p-th decision criterion, 4, = [a,.l,afj, Bj = lbl.l,bf], E = [e,lc,e,fj, for
all i, j, k are intervals of possible (i.e. admissible) values for the supplies, demands and

conveyance capacities respectively. They also used the weight approach to reflect the

#
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relative importance of the objectives. They claim that this approach does not need more
additional memory than the one used for transportation problems with point values. Also

they claim that this method finds better solutions for non-linear problems.

3.5.2 Genetic algorithms in Vehicle delivery Problems:

Elmahi et al. (2004) [103], proposed a genetic algorithm that provides the optimal or

nearest optimal, sequence of shipments within a supply chain under the just in time setting.
In this approach the due goods have to be transported to final customers according to a
predefined set of due dates while considering the loading capacities of transporters. In this
approach the shipments are performed in batches and this is considered as batches delivery
scheduling for a single supplier single customer. To evaluate a sequence of shipments a
function was introduced to compare the real arrival dates of the requested products to the
due ones. The evaluation focusess mainly on how many solutions can respect the just in
time criteria and therefore it measures the advanced time of deliveries.
APy d =yalPiid =3 [Piid e (10)
The term A4 [P, ; 4/ indicates the amount of time with which, the K" product (P) of the i"
batch in the j/* supply link, arrives before its due date. Y4, represents the specified products
due date time and y,, indicates the real arrival time for the product respectively. The
objective function was defined to minimise the total advanced time for the whole demand
as follows:
D
A= pzzle(P) ......... (11)

Jih et al. (1999), [104] hybridised GAs with dynamic programming in order to take

advantage of the properties of each approach in solving the dynamic single-vehicle pickup
and delivery problem. This approach considered both time window and capacity
constraints. The dynamic programming was used to generate the optimal routes. If optimal
solutions are not found within the specified time slot, the partially constructed routes are
transferred to the GAs. These routes provide the basis for generating an initial population
that often leads to better convergence than a randomly generated initial population. The
presented approach enables dynamic programming to achieve real time performance and
GA to approximate optimal solutions. In this approach the objective function was defined

as:

ﬂ
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Zdynamic = ZObjective + l:a'l z fdelay N+ay Z Sovertoaa )| e (12)
revtor™ revtoy~
ZObjective = Z drsxr‘s + @, Z fwaiting " e (13)
r.seV revtor”

3 1, if arc(r,s)1s used by vehicle;
= 0, Otherwise.

The two factors w; and w, are the weights, which reflect the relative importance of the total

travel time and total waiting time objectives. Also, a; and o, are penalty coefficients. The

function fyaing/7/ defines the waiting time of loading and unloading locations [i.e.
revtourT] as:

@, 'l if vehicle arrives at location r early;

S vaiting (1) ={ e R - S (15)

0, Otherwise.

The function fpeas/7] and foverioaa[t] are defined as following:

e t, —b,,if a vehicle arrives at location r late; (16)
FY=< T e
e 0, Otherwise.
1. —Q,If the current load /_ exceeds the vehicle capacity Q;
vaerload (,’) = : T e (17)
0, Otherwise

Garcia et al. (2002) [105], developed a genetic algorithm to address a scheduling problem

involving a set of orders by a homogenous vehicle fleet under the assumption that orders
were required to be manufactured and delivered immediately to the customer site within a
given time window. It is assumed that each vehicle delivers no more than one order at a

time. Also, the order size is smaller than the vehicle capacity.

In this approach the objective function is considered to maximise the value of orders that
are selected to be served within their time windows. When an order is not served at its ideal
due date, a decrease of the orders original value proportional to its deviation is considered.
Assuming W; as the profit associated with serving order i at instant e; [e; = product due

date], then W,” and W," are used to represent the earliness and tardiness penalties, which

are used to decrease the profit or value when order i is served prior to, or after the ideal due

. Thus, when an order is served at instant S; + r, the profit of order
=07 5

date [i.e. S;], respectivel
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i becomes W; — [r-Siy W,*. During each iteration, the chromosomes are evaluated and given

a fitness value based on their respective profit.

3.5.3 Genetic algorithms in Vehicle Scheduling Problems:

Malborg (1996) [106], investigated the potential advantages of the application of a GA to a

service level based vehicle scheduling problem. The objective was to minimise the unit
periods of waiting (UPW) between the accumulation and delivery of correspondence
between work centres. The objective function considered for this problem was complex and

it was based on a number of terms as follows:

1. The expected volume of correspondence for destination j that is retrieved on the & stop

at destination i can be calculated using:

ndi7l oy, dig
P2 Z[ Zv,-,pij] ......... (17)

i=l k=1 j=1{ t=d;j j_1
n = the number of destinations served by the vehicle.
T= the length of the operating period in time units.
V,, = the expected volume of correspondence accumulating at work centre i during time period £,
fori=1,..., Nand t=1,...,T.
P;; = the probability that a unit of correspondence accumulating at work centre i is destined for
work centre j, for i, j=1,...,n.
1 = the number of destinations served by the vehicle.
k = the number of departures from destination .
d;. = the rank ordered time of the k-th stop at destination ,
fori=1,...nand k= 1,....k;

2. The expected UPW for the correspondence prior to pick up at destination i can be
estimated using:
dif
D R e, (18)
t=dj -1
3. The travel time before this correspondence is delivered to destination j can be obtained
by the difference between dy and the first departure time from destination j following
di
min{d.-4;>0 (19)
In this formulation, it was assumedmthat all the correspondence accumulating during the

operating period must be picked up and delivered. Therefore, it was necessary to
ﬂ
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include a final pick up and delivery at each destination after the end of the operating

period.

Malmborg (1996) [106] used the above definitions in an objective function to minimise the

total UPW associated with scheduling the vehicle as follows:

Minimise f(X) =
n &1 n dy
ZZZ z Vi Dy mln{djm _dik >O}
=l k=l j=l \ t=d;y, m
e e (20)
+ D vy (dy —1)
t=d; 1
non d; jia
+ ZZ[ Z virpijJ (dj,kj —d; i)
i=l j=1 \ 1=d; 44
Subject to:
Cimu'1 2 T,fori = 1,...,”, ........... (21)
d, <d, for—i#j—andi,j=Ll..n. ... (22)

Park et al. (2001) [107] described vehicle scheduling problems with service due times and

time deadlines where three conflicting objectives were considered. The fitness is calculated
based on three objective functions. The weighted sum of these objectives is the
combination of the normalised total travel time, the normalised total weighted tardiness,

and the normalised fleet size. The weighted sum of three objectives is computed by:

F(S8) = (w ti" +w, do" +w, ‘:" Y100,

max max vmax
, T T (22)
Yw=1&w20, i=123

i=1
Where wy is the weight of the minimisation of the total travel time, wy the weight of the

minimisation of total weighted tardiness, wy the weight of the minimisation of the fleet
size, 10, the maximum total travel time, dp,, the maximum total weighted tardiness

among the initial chromosomes, V5 ,, the maximum fleet size among initial chromosomes,
t; the total travel time of chromosome k, d, the total weighted tardiness of chromosome

k, and v, the fleet size if chromosome k.

#
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3.54 Genetic algorithms in Vehicle Routing Problems:

Potter et al. (1995) [108] proposed a two-level genetic algorithm to address vehicle

routings in General Pickup and Delivery Problem (GPDP). In this work a public transport
system was considered as a special case of the GPDP, where a fleet of vehicles is required
to satisfy a set of transportation requests from customers in an optimum manner. This paper
explores the use of genetic algorithms to find a near optimum solution as an alternative to

dynamic programming and other algorithms in literature.

In this two-level approach, an upper level GA was used to allocate passengers to vehicles
and a lower level GA was used to find the shortest route for a given set of passengers in a
single vehicle. The objective function used to evaluate the fitness of chromosome is based
on a linear combination of the vector of waiting time [w] and travel time [i.e. distance], [d]
for all passengers [i.e. tasks] on the route. Therefore, the objective function for the lower
level GA is given as:

f(w,d)= min {Z(qwf +C2d,.)i| ........ (23)

i=1

The upper level GA fitness function is the sum of the fitness values for each single vehicle
used in the problem. C; and C, are the weighting factors used to reflect the relative

importance of each of the considering parameters.

Ochi et al. (1998) [109] presented a new hybrid metaheuristic, which used Parallel Genetic

algorithms and Scatter Searches coupled with a decomposition-into-petal procedure for
solving a class of vehicle routing and scheduling problem. The performance of this
approach was evaluated for a heterogeneous fleet problem rather than homogenous vehicle

routing problem.

The heterogeneous problem considers a set W ={l,..,k}of different vehicle types. A

vehicle of type k has a carrying capacity Q. Also the number of vehicles of type k is n,

which is not limited (n, = oo,k € ). The cost of the travel from customer i toj /i, j =0,...,

n] with a vehicle type k is djz, which is considered to be the same for all the vehicle types.
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The use of one vehicle of type k implies a fixed cost f; and different vehicle types will

reflect different fixed costs.

The fitness function is based on the summation of the fixed costs and travel costs for the
given fleet in a chromosome. The main objective is to determine a fleet of vehicles with the
considering minimum cost. The objective function is given by:

[Oi-DJIxfi e (24)
The algorithm analysis the possibilities given by the & types of vehicles and it chooses the
type of vehicle #; which presents the lowest value for the objective function, where D; is the
accumulated demand of the routes taken by vehicle #. [109] suggested, this approach

presented some advantages when compared to the other algorithms developed in this field.

Baker et al. (2003), [110] presented a hybrid of a GA with a neighbourhood search method

to address a basic Vehicle routing problem. This problem considers customers of known
demands to be supplied from a single depot. The main constraints considered in this
approach are related to vehicle capacity and limits on travelling distances. Unlike, some
representations, this approach does not specify explicitly the exact route that each vehicle
should follow. In fact, individual routes are implicitly specified by assigning customers (n)
to vehicles (m). The chromosome for an individual solution has the form of a string of
length n with each gene value in the range [I, m]. The fitness of a chromosome is based on
the capacity (R.) and distance constraints violations (Rq) and the objective is to minimise
this violation. The convergence of the GA is accelerated by incorporating neighbourhood
search strategies, resulting in significant improvements. Baker et al. [110] further suggested
that it is better to view the GA more as means of diversifying the exploration of the solution

space alongside the neighbourhood search.

3.5.5 Genetic algorithms in Logistics Problems:

Wen et al. (2002) [111] used GA to address logistics scheduling problems. They developed

a schedule for delivering cargo items from one point (called a Base Points) to several
different points (called Supply Points) by some transportation assets such as trucks. Every
cargo item must be delivered to its destination within a predefined time window.

Otherwise, there is a penalty or a failure to deliver it. In this approach chromosomes are

_— e ——m e ——————
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used to represent the cargo item delivery sequence. The fitness of a chromosome is
obtained by computing the amount of cargo (number of items) that can be delivered by
assets according to the sequence of this chromosome. To evaluate the fitness, two fitness

metrics were used:

e Requests: the request is accomplished only if all the cargo is delivered successfully.
e Missions: one mission can include many requests and a mission is accomplished if all
the requests are fulfilled. Therefore, the problem requires that a large number of

missions be finished.

In this approach the larger the fitness function value is, the better the individual. They [111]
found this GA approach more effective when compared with the greedy algorithm.

3.5.6 Discussion:

Reviewing the above genetic fitness formulations for several VRSPs, a number of points
were observed. As regards the transportation problems, these problems are mainly
considered as minimisation of transportation costs. In these formulations there are no
considerations for routing and scheduling. In fact, the main objective is to find the least cost
assignment of items from supply to demand locations. The latter Multi-objective problem
formulation provided a better approach in modelling transportation problems. However, in
these optimisation problems there were no considerations given to decision criteria such as
delivery times, quantity of goods delivered, inventory levels, unfulfilled demands, under
used capacities and etc. addressing such objectives further assists decision making on a

transportation plan.

Observing the delivery problem formulations, one could see the emphasis is mainly on
formulating the temporal aspects of VRSP. These problems are mainly considering a set of
tasks or orders to be scheduled. These problems are formulated as single objective linear
optimisation problems. The boundaries are mainly set at travel time, waiting time and
loading capacities. The above formulations provide a real way of modelling the temporal
aspect of VRSP, but they fail to consider aspects such as route selection, service level,

resource utilisation, multi vehicle and etc.
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In addition, vehicle-scheduling problems are mainly formulated like delivery problems. The
main objectives considered here are minimising travel time, waiting time at loading and
unloading locations, late deliveries and also fleet size. It is evident that the formulation of
fitness functions for GA operations is relatively complex. Also, the problem formulation is

based on linear combinations of different objectives.

Furthermore, in vehicle routing problems, the considered formulations suggest the typical
minimisation of criteria such as travel time, waiting time, travelled distance and also fixed
cost, which reflects the possible use of trucks with different capacities. It was evident from
these formulations that the objective functions are linear combinations of criteria. Also, the

boundaries are left at distance, travel time, and vehicle capacity.

Finally, in logistics management, the fitness formulation was modelled based on
maximising the number of deliveries by adhering to the set time windows. This formulation
was a linear bi-criteria optimisation problem. It certainly lacks route selection, and resource

utilisation considerations.

The above points suggest that in modelling a VRSP, the objectives were either based on
distance or travel time minimisations. In general one can observe the lack of considerations
for route selections, resource utilisation, unfulfilled demands, under used capacities,
reliability of deliveries, fleet size, operational cost and human fitness. Also, multi-criteria
considerations are limited to linear behaviours. Furthermore, the constraint considerations
are mainly limited to supply sources, demand centres and conveyance capacities with linear

relationships.

In this work, the fitness function formulation considers several contrasting criteria,
consisting of different practical aspects of logistics management based on transportation,
routing, scheduling and operational objectives. Also, the considering constraints includes
limits on supply, demand and other operational constraints that exists in the real system.

Further descriptions of this objective function are described in chapter 6.
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3.6 Multi-Objective Genetic Algorithm:

The GAs for multi-objective optimisation problems are generally similar to a single genetic
algorithm in every way, except from the fitness evaluation and selection mechanism.

[133, 168] proposed the Vector Evaluated Genetic algorithm (VEGA) for finding solutions
of multi-objective optimisation problems. In the VEGA, a population is divided into
disjoint subpopulations that are governed by different objective functions. In this method
the selection procedure was performed independently for each objective, but crossover was
performed across subpopulation boundaries. Although this scheme was simple to
implement selection of individuals in each criterion tend to lead VEGA to find extreme

solutions where only one criterion is optimised.

To overcome this problem of VEGA, [74] suggested the use of the Pareto optimality
ranking method. This approach is known as Pareto GA. In this approach the population is
ranked on the basis of non-domination. All non-dominated individuals in the current
population are identified. These are placed at the top of the list and a highest rank is
assigned to them. These points are then removed from contention and the next set of non-
dominated individuals is identified and assigned the second highest rank. This process
continues until the entire population is ranked. Thereafter the selection occurs according to
the individual ranks. Also, Goldberg suggested the use of niche formation to maintain

appropriate diversity to prevent premature convergence.

To this effect [113] proposed the Niche Pareto Genetic Algorithm by incorporating the
concept of Pareto domination in the selection procedure and applying niching pressure to
spread the population out along the Pareto front. In this mechanism, two candidates for
selection are picked at random from the population. A comparison set of individuals is also
picked randomly from the population. Each of the candidates is then compared against each
individual in the comparison set. If one candidate is dominated by the comparison set and
the other is not, then the latter is selected for reproduction. If neither or both are dominated
by the comparison set, the fitness sharing method is used to choose the winner. The goal of
fitness sharing is to distribute the population over a number of different peaks in the search
space, with each peak receiving a fraction of the population on proportion to the height of

that peak.

__—_ ————————————————————
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3.6.1 Mathematical representation of non-inferiority

Suppose there are two objective functions, Z(X) =[Z1(X), Z,(X)], and two solutions X;
and X, are to be compared. That is the two vector quantities Z(X;) and Z(X,)must be
compared and if Z(X;)>Z(X2), then X; is Dbetter thanX,. Since
Z(X1)=[Z1(X1),Z,(X7)] and Z(X,)=[Z;(X,),Z(X3)] is better than X, if and only

if :
Zl(X1)>Zz(X2)and ZZ(XI)ZZZ(XZ) ......... (25)
Or
Zl(Xl)Zzl(Xz) and Z2(X1)ZZZ(X2) ......... (26)

Suppose Z1(X1)> Zi(Xy)and Z5(X;)<Z,(X,) then nothing can be said about the two
solutions X; and X, and they are incomparable. The inferior solutions, which are
dominated by at least one feasible solution, may be dropped. Non-inferior solutions are the

alternatives of interest. A solution X is non-inferior if there exists no feasible y that

Z(y) 2 Z(x) . If such a feasible solution y exists, then x is inferior.

3.6.2 Pareto-Optimal Genetic Algorithm:

In this application, the Pareto-optimal genetic algorithms was designed aiming to search for
a set of non-dominated solutions in a decision space comprised of three main decision
variables namely trucks, routes and start time. The objective function (i.e. vector) used in
this application is composed nine components. The algorithm is demonstrated in Figure
3-20 and it works as follows. Also to support this algorithm, a hypothetical example on
Pareto GA is provided in Appendix B.

1. Initialization:
e An initial population of size nm Schedules are created at random from the
decision space.
2. Dominance Check:

_—E—m——————————————————————————
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e The current population is checked to see which individuals are non-dominated

points.

¢ Two non-dominated points are indifferent to each other.

e Individuals, which are non-dominated, are assigned a Boolean value of true.

3. Adjustment

e Any individuals in the current population, which are dominated, are replaced
with an offspring created from two different non-dominated parents.

e The parents are obtained at random from the current population, with equal
probability of being chosen.

o If there is only one non-dominated solution [there will also be at least one],
then the second parent is obtained at random from the decision space.

e When each chromosome is selected then the reproduction process such as
crossover and mutation can occur, with a probability of occurrence defined by
the user.

4, Dominance Recheck

e The adjusted population is rechecked, to see which solutions are non-

dominated.

5. Increase Population

e If all of the individuals of the current population are non-dominated, n new
offspring are created and added to the population.
e The offspring are created in the same manner as described in step 3 of the GA.
6. Repeat
e The algorithm is repeated by going back to step 2.
e The algorithm can be terminated by the number of generations or the number

of dead runs specified by the user.
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Dominance Recheck
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Figure 3-20 Pareto-Optimal genetic algorithm
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3.7 Recent developments in genetic algorithms

Over the last decade considerable research has been conducted to improve the overall GA
performance. Amongst others, one can refer to the advancements in selection, reproduction,
encoding, adaptive and parallel GA techniques. For further information on these techniques
the reader is asked to refer to Appendix B.

3.8 Conclusions

To address the shortfalls of conventional approaches to VRSP, this chapter proposed the
development of an integrated DSS. The DSS is composed of a search engine and a
simulation model from the considering supply chain. The search engine was designed based
on the GA principles. The aim of this application is to provide a set of optimum or near
optimum transportation schedules. The simulation engine provides a more flexible way to
incorporate system behaviours in terms of real constraints, stochastic and dynamic
behaviours. GA as the main component of the search engine provides potential benefits in
addressing the specified shortfalls. This method could greatly help in addressing multi-
modal VRS optimisation problems considering either linear or non-linear relationships
within objectives and constraints of the system. Also, the GA tends to provide a pool of

solution, which could be used as alternative approaches to the optimum solution.

Also, this chapter presented the main building block of GA. It described genetic
representation, initial population, fitness function, reproduction, selection schemes, GA
operators and control parameters. As part of this chapter, further investigation was carried
out on the use of GA in VRSP. For this reason the application of GA in the field of
transportation, vehicle delivery scheduling, routing and logistics was studied. This work
presented how fitness function was formulated in each field and it specified the main
criteria and constraints considered in each field. The existing problem formulation

presented a number of drawbacks as follows:

o In these formulations there is a general lack of conmsiderations for route selections,
resource utilisation, and unfulfilled demands, under used capacities, reliability of
deliveries, fleet size, operational cost, inventory levels and human fitness

considerations.
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e The multi-criteria considerations are limited to linear behaviours.
e The constraint considerations are mainly limited to supply sources, demand centres and

conveyance capacities. Also, constrains were subjected to linear behaviour.

As part of this research further investigation were carried out in multi-objection
optimisation problems. To address Multi-objective optimisation problems, three approaches
were introduces such as VEGA, Pareto GA and Niche Pareto GA. To this effect the
development of Pareto-GA algorithm for this problem were presented. Based on the
presented GA principles, the next chapter further illustrates how these concepts were used

to develop the Search engine of the proposed DSS.
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4.1 Introduction

The main aim of this project was to design and develop a hybrid optimisation-simulation
based decision support system to aid logistics management in vehicle routing and schedule
problems. For this reason an application was developed and it was implemented in a LPG
distribution company, which is mainly involved in transporting LPG from Gas refineries to
its bottling plants for processing and distribution to end users. The search engine and the
simulator are integrated and they are also designed to operate as stand alone tools. Using
this tool one could define and describe a system in terms of its supply and demand
capacities. Also, the user could define possible routes linking the sources to demand centres
and further more to describe different considerations for route selection. Moreover, the user
could search for possible near optimal transportation schedules considering different
objectives and constraints in the system and finally, Evaluate alternative transportation

schedules and measure their impact on systems performance measures.

The search engine was developed using the Microsoft Visual Basic 6 programming
language and the simulation model was developed using the Witness simulation tool
package. Witness presents a number of features, including integration capabilities and
acting as an OLEII server making integration with Microsoft Access and visual basics

achievable.

The intend of this chapter is to demonstrate how the search engine and its components
including random search, genetic algorithm and the pareto optimal genetic algorithm were
designed and developed for this application. This chapter first describes the architectural
components of the search engine. Then each of these components is described briefly. The
main search mechanism are presented. The main components of these methods are
introduced, and it was shown, how these components were implemented. Also, different
cost components considered to evaluate the fitness of transportation schedules are

introduced. Furthermore, the objective function formulation was presented
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and finally the constraints and the penalty method to compensate for the violation of system

constraints are presented.

4.2 Search Engine design components

This application was designed to work either as a stand-alone tool or in conjunction with a
simulation tool. Therefore, this application consists of a number of different modules as
shown in Figure 4-1. These modules are such as 1) The Search engine user Interface, 2) the
search engine, 3) The Search engine- Database Interface, 4) The simulator user interface, 5)

the Witness Simulation Module, 6) The Simulator- Database Interface.

Database
Storage

Figure 4-1, The Simulator Interfaces.

The following sections describe different components of the search engine user interface
design. In addition Appendix C describes the interfaces, designed and developed for linking

Database to GA search and simulation module.

4.3 The Search Engine User interface Design

Figure 4-2, represents the main components of the user interface designed for the search
engine. The user can access different functionalities of the search engine through this
interface. The following subsections describe the main functionalities related to cost

parameters and search engine methods. The remaining menu options are described in

Appendix C.
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AR
( End User
\ /

1

User interface

¥

I e

System Descriptions Cost Parameters | Search Methods | Search Performace Search Outputs
Sources Nodes I Scheduling | : . | ||
Specifications parameters Welghihesion | | Random Search | & | Live plot | | GAOptimum
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_Figure 4-2 Search Engine User Interface

4.3.1 Cost Parameters

Once, a transportations system is defined using the System Description menu options. Then

the user can use Cost Parameters menu option to define different objectives or criteria to

be used for assessing the system. Basically, this menu option is used to define the objective

functions for the transportation schedules. The defined objectives arc used within GA

search engine to evaluate the fitness of the generated schedules. For the considering system,

there are nine main cost functions defined. These are such as completion time,

environmental, inventory, safety, service level, transportation, truck, human factor and

work balance cost measures. The user can add or remove any parameters to be considered

in evaluating fitness of generated schedules. Figure 4-3, illustrates the menu options to

define, add or remove a cost measures in the objective function.
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Figure 4-3 cost parameter menu options

Once, a cost measure is selected, the user is prompted with further menu options. These
menu options allow one to further define specific cost measures. The main components of
this user interface are such as: cost parameters, cost functions, hard and soft constraints and
linear or non-linear based calculations. Each of these components are further described as

follows:

4.3.1.1 Initial Parameters

This option allows the user to define a cost measure (i.e. an objective function) based on its
basic input parameters. These metrics would be used in a function to calculate the value of
the specified cost measure or objective. For instance, as indicated in Figure 4-3 the input
parameters of completion time is based on time horizon, standard working hours per day,
standard labour cost, overtime labour cost and revenue cost. The user has to determine

these parameters before editing the cost function.

4.3.1.2 Cost Functions

This menu option was primarily designed to allow the user to edit and define an objective

function based on its main parameters defined earlier. The user is prompted to define any

_—_— ——————————————————————
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formula to be used for the calculation of the specified cost measure. Figure 4-4 further

illustrates this menu option.

~¥ Completion Time |

[¥ Consider Completion Time
Cost Parameters [ Cost Funcions || Hard Constraints | Soft Constraints | Non Lineat
Please Specify Cost Functions ~ — —_—
Avalable Cost Functions r Ll
ok Concel |

Figure 4-4 to define cost function for cost measure

4.3.1.3 Hard Constraints

Typically, logistics systems are subject to many real constraints. The aim of this menu
option is to let the user define the possible existing constraints for the specified cost
function. In general, constraints can be modelled as either hard or soft constraints. One can
define any or both types of these constraints for the defined cost measure. Usually,
violation of hard constraints results in infeasibility of the solution. However, violation of
soft constraints results in encountering penalties and therefore addition of extra cost to the

overall objective function.

Using this menu option one can typically set lower and upper bonds on the specified cost
function. Furthermore, the user is prompted to edit any formula for restricting the cost
object. Figure 4-5 demonstrates the menu option used to defined hard constraint for
completion time. Section 4.7 and 4.8 provide more details on those constraints considered

for the considering cost measures.

=79 -



Chapter 4: GA Design and Developments

=¥ Completion Time x

[V Consider Completion Time
CostPaame!e«sl Cost Functions Hard Constraints |Soﬂl:onstrails| Non Linear
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¢

Formula Description i

|

e

Figure 4-5 Hard constraint menu option

4.3.1.4 Soft Constraints

In addition to the hard constraint the user can define soft constraints for cost measures.
Violation of such constraints results in adding extra penalties to the cost of the schedule.
Constraint can be specified based on the lower and upper bonds defined. Penalties are

usually defined in two methods.

Method A: this method is based on defining a series of limits and the penalty associated

with the violation of such limits. This method can be formulated as follows.

f(x)=0 if0<XijS2
=Cij if2<Xijs4
=2C, f4<X;<6 e 27)
=3Cij if6<X].jSS
=4Cij if8<XijS]0
=5Cij if10<X1.j
Where,
Cij = Cost and

X is the actual value for the objective cost

Figure 4-6, illustrates how the menu options could be used to define Method A type of

constraints. Also Figure 4-7 graphically demonstrates such limits.
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Figure 4-7 soft constraints defined for completion time cost measure

Method B: this method is very similar to the last method. Using the Slop, Average and

Cost parameters in the menu option the user can formulate the penalty cost using the

following formula.

Jx)=C,;(+ 0.2(x; - Average))

Where, C;; = Cost factor, X;; = Objective function value

The slope here is set to 0.2 and the average is also is the expected average value for the
considering cost function. Further to these methods, the user can set non-linear penalties by

applying any of the non-linear functions such as exponential, Sin and Natural Logarithm

functions developed for this application.

-81-

e (28)



Chapter 4: GA Design and Developments

4.3.1.5 Non-linear Objective function

The above soft constrain formulation allows defining non-linear penalties for the
considering cost functions. Also, the non-linearity could be applied to the Objective
function itself. In this approach, the user can choose any of the non-linear methods to map
the obtained cost function to a non-linear cost measure. The non-linear options are
developed based on the Exponential, Sin and Natural logarithm functions. Figure 4-8 shows
how menu options can be used to handle non-linearity within the objective function.

~t Completion Time FX ‘

¥ Consider Completion Time
Cost Pasamelers| Cost Functions | Herd Conslraints | Soft Constisints  Non Linear |
- Non Linsas Method '
‘ g  SinCuve ™ Natwal Logasithm ‘
 Contants ‘

- . T (R

|-0k| Concel |

Figure 4-8 Non-linear functions

e Exponential Curve: This function could also be used as square root curve too. Figure

4-9 and Figure 4-10 illustrates these functions graphically. The general formulation for

this function is as follows:

[24
C,X; e (29)
C,; = Cost value to be specified by the user.

X ;= The calculated parameter such as distance, completion time, safety and etc.

a = Intensity level to be specified by the user [e.g. 0.5, 2, etc.]

Exponential Curve

700

12 34567 8 91011121314151617 1819202122 232425
Flow (Xij)
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Figure 4-9 Exponential Function

Square Root

Cost F(x

1 2 3 45 6 7 8 9 1011 1213 14 15 16 17 18 19 20 21 22 23 24 25
Flow(Xij)

Figure 4-10 Square function

illustrates this function graphically.

) T
C,.J.X,.J. [Sm(X,.j zj + 1)

Sin_Curve: The general formulation for this function is as follows. Figure 4-11,

C,and X are defined as in the above equation.

e Sin Curve

35

Cost F(X)
a 3

Flow (Xij)

12 3 456 7 8 9 1011 12 13 14 1516 17 18 19 20 21 22 23 24 25

Figure 4-11 Sin Function

o Natural Logarithm Curve: This equation is based on logarithm function as follows.

Figure 4-12 demonstrates this function graphically.
C; *(Ln(X}))

U S S 31

C,and X are defined as in the above equation.

Natural Logarithm
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Figure 4-12 Natural Logarithm function

4.3.2 Search Engine Methods

This menu option allows the user to access any of the developed search engines here within
this application. The search mechanisms are such as Random, Genetic and Pareto Optimal
Genetic searches. Figure 4-13, illustrates the menu option that provide the access to these
search methods. Each of theses search methods is further described in the proceeding

sections.

GA . Paretto ? M India Populaion P
Erise the rumbas of gerer o F
AN R Ertes & rumber of $m wdial poculsdion ||_ —Ll
A Oporalin— Enled the mamirum rusvbas of tucke to bo wsed  [35 Carcel
GAMethod GA I 7 View Schedule Cost
Paasto Mothod
GA Paretio Mathod FPaeps I
| B | (I |

Figure 4-13 Search Engine Menu option

4.4 Random Search Engine

As described earlier in chapter 3, the random search method was developed to evaluate the
performance of the Genetic search engine. As illustrated in Figure 4-14, the user needs to
identify parameters such as: the total number of generation, the initial population size and

the total number of trucks that could be used as the main resource in the schedule.

The steps involved in creating schedules based on the random method are exactly the same
as creating initial population as in the genetic search engine. These steps are further
described in section 4.5.3. In this approach, an initial population indicates the number of
chromosomes (i.e. schedules) required to establish a generation. In this approach, a new set
of initial population is randomly generated in every generation. The general statistics are
recorded per generation. Also, the best-found schedule and the most and the least expensive

schedules are recorded and updated per generations. This method randomly searches the
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solution space without having any particular approach to find the optimum cost schedule.

Figure 4-14, illustrates how to set initial parameters for this random search mechanism.

~¥ Random Evaluation r_ﬂ
Initial Population ———
. Generate
Enter the number of generations
|1IJ |
e Delete
Enter a numbet of the initial population [io— :
|

Enter the masimum number of trucks to be used IT Cancel |

V' View Schedule Cost

Creating Initial Populstion. Please Wakt...

Figure 4-14 Random Search menu option

4.5 Genetic Search Engine

There are a number of variables to be specified before executing GA runs. These are
population size (n) (PopSize) and generation number (f) (GenSize). Also, in this application,
the user specifies the maximum number of resources available to use. Furthermore, to
select individual chromosomes from a population, one must specify the selection method

type, either roulette wheel or tournament selection method developed for this application.

To perform genetic operation, one must also specify, the genetic operators such as
crossover and mutation types. To this effect, a number of global real variables including the
probability of crossover (Pc), Probability of mutation (Pm) must be specified too. Finally,
to evaluate the fitness of chromosomes (i.e. schedules), one must determine how to map the
cost of the generated schedule to fitness values. Figure 4-15 illustrate a number of user

menu options used to set initial parameters for GA search.

Figure 4-16, represents a single population composed of a number of chromosomes in a
generation. Each chromosome has a real variable cost and a corresponding real fitness
variable. In this GA application genetic operators are applied to an entire population at
each generation as shown in Figure 4-17. Two non-overlapping populations are considered
to implement these operators. This would simplify the creation of offspring and the
replacement of parents. The new offspring are generated by applying the genetic operators

on the old population (OldPop). The OldPop is entirely replaced with the new generated

_, . ————————————————=
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offspring and in this way the OldPop is set to new population (NewPop). Typically after
each generation statistical report relating to the generation is provided. This report includes
measures about the population such as average, maximum, minimum, standard deviation

and variance of fitness of the population.

«¥ GA Automalic % ¥ GA Automatic r§|
Inktial Population m’ ﬂ"“ﬂ Z; Scaling Methods e gaH "_\;
Enter a rumber of the initial population l-m -~ Sacling Method Opesation——
@
Entes the masioum rumber of wucks tobeused 55— $1.5calg
C Linsar Scaing
Delete All Prev Ct (Clean DataBase) Delsto | " )
¥ ERism Ranked Linsar Scaliing
[T View Schedule Cost
[~ Use as Experiment

™ Use Repair technique

Generate I Bask Nesd > Cancel I Gensrale J < Back Cancel I
~X GA fAutomatic (X1 =% Ga Automatic !
CrossOver Types - Croesover - < Mutation Types - Mutetion Probability ~
>
~ CrossOver Operation — + - Mutation Operation -
CroasOver Typo - 1 Mutation Type - —
G Single Pt Fered Length offepring ' @ Classic Mutation
€ Single PointYariable Length offspring | | € Inversion =
+ Mutabon Probabdity
" Partialy Mapped Unif
. e C~ Abways Mutale
1~ CrossOver Probabeity — = s Mutation : '3—
C Avays Crossover = - = =
¢ o
Generale I < Back Next> Cancel I Generde J @ Cancel I

Figure 4-15 user menu options for initialising GA operations
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() Population
= Generation Chromosome .
No. No. Cost(x) Fitness f(x)
1 1 15 6.67 . .
: f $ 3 e 1- Front view of a Population.
1 L 3 8 12.50
1 I 4 7 14.29 2- Breakdown of a chromosome.
1 1 5 20 5.00
1 I 6 30 3.33
1 1 = 20 550 3- Breakdown of a Route.
1 ! 8 50 2.00
1 I 9 16 6.25
1 ; 10 80 1.25
CTR | 11 12 8.33
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Trucks Route No.
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:I[ —-— 1 T ? Routes
1 22 15 Route No.  Start Location EndLocation  Start time
j‘ 232 15 10 A B 3:00 PM
1 3 16 11 C D 8:00 AM
1 4 17 12 A D 6:00 PM
1 4 18 13 C B 12:00 AM
1 4 21 15 E F 10:00 AM
1 6 19 16 G H 7:00 PM
1 8 20 17 A F 10:00 AM
18 E H 8:00 PM
21 G F 12:00 AM
19 C H 11:00 PM
20 E B 11:00 AM
Figure 4-16 Schematic of a population in a generation in the GA
Gneration ( T ) eratio
Chromosome —  ix)  Fitness f(x) B\ L 0
No. N ome No
1 15 6.67 1 30 3.33
2 9 11.11 N\ 2 10.2 9.80
3 8 12.50 = — N 3 4.5 22.22
4 7 14.29 g:g;:::::ron \ 2 8.8 11.36
5 20 5.00 & 5 7.7 12.99
6 30 3.33 Mutation 6 22 4.55
7 40 2.50 — / 7 33 3.03
8 50 2.00 g 8 44 2.27
9 16 6.25 7 9 55 1.82
10 80 1.25 10 17.6 5.68
11 12 8.33 11 88 1.14
Population Report Population Report
Average 6.66 Average 7.1
[Min 1.25 Min 1.14
max 14.29 max 22.22
Std 4.44 Std 6.44
Var 19.71 Var 41.49

Figure 4-17 schematic of non-overlapping populations_used in the GA
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451 Chromosome Representation

The first and the most important step in GAs is how to encode chromosomes to represent

solution to the considering problem. Here, a chromosome must represent a complete

monthly schedule for transporting LPG from different refineries to processing plants in
different localities. The main parameters considered in developing a monthly schedule for
daily activities are:

e  Trucks are the main resource for scheduling. There is an upper bond on the number of
trucks that are available for transportation. The total number of trucks to be used in a
schedule is obtained randomly.

e Routes are the possible links between supply sources and demand centres. Routes are
randomly assigned to trucks.

e Start Time is the departure time that is assigned to trucks to leave a refinery or
processing plant. The start times are usually chosen randomly from a time range

between 1 to 24 hours.

Figure 4-18, illustrates a chromosome and its hierarchical breakdowns. The chromosome is

a combination of genes and it is defined as an array of infinite dimensions.

Chromosome Breakdown

/Tmck1/T'rupk2 /Truck3/Truck4/Truckn/

/" Route )/Rotﬂe z/ Route
/A NN
.'Losct:t::)n/LocaE%\/

Start
Time

Figure 4-18 Hierarchical breakdown of a chromosome

The main decision variables are randomly chosen from their respective decision space to
generate a schedule. Figure 4-19, represents a single schedule that is randomly developed
for truck T1.
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Trucks
T1

Descriptions

Route Number

Route Locations
Start Times (min) 4 . 36
Figure 4-19 a single transportation schedule for Truck T1

As shown in Figure 4-19, the routes are assigned to the Truck T1 randomly from the set of
available routes. Each route includes a start location referring to supply points and an end
location, which is the demand points or bottling plant in this case. The routes are identified
using the route numbers. Also the start times are assigned to each location defined in the
route. This suggests the departure time for the truck to the next destination defined along
the path. Finally, the current location refers to the initial position of the truck before
initiating the transportation schedule. Furthermore, Figure 4-20 illustrates a chromosome,
which is a schedule for four trucks. As shown here the chromosome could have a variable
length both in terms of number of routes assigned to a truck and also in terms of the

number of trucks that are available in a schedule.

SF320 | i ] | 27, i [ DL 27 1L B S ] D ol -]
; — : . T =
420 1620 2820 3360 3920 4480 5040 5800
7] e — [ — p— J— il [Tt [ | A | ] A
80 520 1030 15_40 2800
B0 ] [ | [ | I ] [N, ) [, ]
180 340 1200 1740
Tl = 29 Y T (s L s o a7 S|
ot ] ! Qom EsfahanC ~ Mashhad Kerman
1380 2440 3400 3475 4835 5995 6555 7115

Figure 4-20 a chromosome (schedule) for 4 trucks

In this GA application, the genes of a chromosome such as trucks, routes and start times are
directly chosen from the variable space. Therefore the proposed method of encoding is
known as phenotypic. Also one may have used binary strings for encoding chromosomes.
This approach is a genotypic, which requires further decoding of genes to obtain the

solution in terms of variable space.

4.5.2 Fitness Evaluation

As described above, a schedule is a random assignment of the system’s variables.
Therefore, different combinations of the variables reflect different cost factors in the
system. The cost parameters considered to evaluate the chromosomes’ fitness are further

described in section 4.7. Also, section 4.8 demonstrates how the fitness of a chromosome is
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formulated considering the cost parameters, systems constraints and weight factors. There
is a need to map these cost measures to a fitness value. To map individual’s cost to its

fitness value, there are two options are provided as follows:

e Mapping cost to profit:
In this approach a chromosome cost is converted to profit using the following equation.
Therefore, the fitness of a chromosome is directly proportional to its profit.
1
F =+

€

J=1

Jd=hoom &=L, scceesesesens (32)

Where C; represents the cost measures considered within the objective function. The

approach conducted here is to transform all the cost factors into one main single cost
function. Then, the new formation of the problem would be to minimise the main cost
function by satisfying all the existing constraints in the system.

e Linear cost transformation method:

In this approach, the fitness of each individual chromosome is calculated based on the most
expensive chromosome that is present in the selection pool. This is calculated using the
following equation.

f(x) = Cmax —g(x) Wheng(x) < Cmax, ................. (33)
=0 Otherwise,

There are different ways to choose the coefficient C___ such as: It may be taken as an input

coefficient, the largest g value observed thus far in the generations, the largest g value in
the current population and finally the largest of the last k generations. In this application
C_. 1is set to be the largest g value in the current population. Table 4-1 represents an
illustration of this linear transformation. Figure 4-21, illustrates this fitness transformation

clearly.
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Table 4-1 Chromosomes costs and their respective fitness

Fitness

Chromosomes Costs F(x) = Cmax - ¢ (x)

178781 6758
132979 52560
158753 26786
79398 106141
84155 101384
78149 107390
49830 135709
73345 112194
185539 0

80323 105216

200000

= 1787
180000 LCAS

160000 & =

140000 i

120000 4

100000 ¢

80000 |

Fitness {Cost)

60000 ™

40000 T

20000 |

0

5 6
Chromosomes

M Cost 0O Profit

Figure 4-21 Impact of Linear cost transformations

Figure 4-22 illustrates steps taken to obtain the fitness of all the existing chromosomes
within a population. Figure 4-23, represents a function developed to choose between the

fitness transformation methods. Also, Figure 4-24 shows the function developed to map

cost to fitness value.
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{Cell cEval GetEvaluationCostRdsByChromasome’

!

I Se the min and max cost parameters to the
cost of the first individual
JeastCosl = m_colSchedulesCost(];
maxCost = m_col SchedulesCost(1}

‘ Obtain list of costs for each chromosome
|
]

| : —
I . ‘ Fori=1 to No Chromosome in Fori=1to No Chromosome in

the generation the generation |

| | [
f

Calculte cost for each [ Get the Fitness values (i € profit) | P
chromosome for each individual in the ‘
I IngCostChr = m_colSchedulesCost(i. | generation
dblProfit = CalcProfitBasedOnCost

I —

[ " } l

'—“—l Get the lowest t cost :
| leastCost = IngCostCht Record Cost/profit data for each 1
| l = individual in the DB |

dicFitness Addi dblProfit |

Get the highest cost
maxCost = IngCostChi

|
1

Get the max Cost for all
generations —

maxCostFimessValue = maxCost

Figure 4-22 steps in chromosome fitness evaluation

Figure 4-23, function to calculate schedule fitness

Figure 4-24, function to convert cost to profit

The GA approach developed here purposefully allows the violation of soft constraints and

therefore generation of infeasible solutions to extend the search space, through both

=———————————————————————————————————— L L'
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feasible and infeasible regions for good quality solutions. The penalty method is used to
relax the constraint of a problem and to solve an equivalent optimisation problem without

constraints. The penalty calculations are described in section 4.8.

Also, it is important to note that violations of any defined hard constraint are not permitted.
In this application, repair techniques are developed to restore chromosomes, violating any

specified hard constraints. These techniques are further described in section 4.5.3.4.

During each generation, chromosomes are evaluated using the specified measure of fitness,
the fitter a chromosome the higher its probability of being used in the genetic reproduction
process. To compare a solution with the same fitness function the cost parameters and
penalty factors are chosen before the beginning of the simulation and these are kept
constant throughout the simulation. Thus from a given generation i to i+, the fitness

function which depends on these factors remains the same during the whole simulation.

4.5.3 Initial Population Generation

The initial population is a collection of chromosomes used to initiate the GA operations. In
this application, to generate the initial population, the user must define the population size,
referring to the total number of individuals (i.e. schedules) to be included in a population.
Also, the user must specify the lower and upper bound on the number of transportation
recourses (i.e. trucks) to be used in establishing chromosomes. As shown in Figure 4-25,
there are six main steps taken to generate an initial population. These steps are further

described in the subsequent sections.
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! Get the main input parameters {Population |
size, max & min # or available resources)
MakelnitialPopulation{popNo As Integer,
minTrucks As Integer, maxTrucks As Integer)

Data Base

&
(1))
— "
NO
; ¥ ; | ¥ |
| Randomly specify the number of trucks to I .
®| be used in a chromosome (schedula) | For each chromosome generated assign @

Start times to initial travelling times

| iRndTrucksNo = GetRndNumber(minTrucks, . |
| maxTrucks) l i Call AssignStartTime

¥ +

l FI Reset all parameters for Bottling plants, P
refineries, trucks, routes values, empty

Check for any constraint violations
collections ] Apply Repair techs to each chromosome

‘ Reset | | DoRepairTech
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‘ Set Supply <> Demand in a generation

®
®

isSupplyEqualDemand = False | Set cofTotalCost = |

] | TotalCosiFactors(popNo}
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® | oo (©
| Create Schedule for one chr Savs froma In the 3

| DB, such as Avg., Min., Max., Std. & etc.
‘ CreateScheduleForOneChromosome (i) fitness

Set colTotalCost =

TolalCosFactors{popha) | ‘

Figure 4-25 Initial Population Generation

4.5.3.1 Resource Assignments

The purpose of this step is to set the total number of trucks to be used in transportation
schedule. This is performed by randomly choosing total number of trucks between the

specified limits. Figure 4-26, demonstrate the function developed for this purpose.

Figure 4-26, Randomly select total number of trucks

4.5.3.2 Initial Chromosome Generation

Chromosomes are transportation schedules with main components of trucks, routes and
start times. The specified number of trucks from the last stage is used to generate a
schedule. In this step, the specified routes linking sources to demand centres are randomly
assigned to trucks used in the schedule. While the demand and supply are not met this
assignments are continued. Finally the generated schedule is stored in the database. This

_ . ———+
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operation is performed by a function called CreateScheduleForOneChromosome (i). This
is a nested function as shown in Figure 4-27, calling other functions to perform this task
efficiently and error free. In particular this function calls on other function called
FillScheduleOneStep(intChrld As Integer).

This is a major function developed to create schedules. In this function individual
transportation schedule is generated for all the trucks considered for the chromosome.
Routes are assigned randomly to each truck. Route assignments are performed, by
considering the availability of LPG supply at refineries and LPG demands at bottling
plants. Therefore, in each route assignment, the supply capacities and demand levels are
updated. In case, where there is not enough LPG available at sources, then the routes
leading to that source are removes for further assignment. Accordingly, when bottling
plants are full filled with their demands, then the routes ending to this plant are removed for
further assignment. This function works based on the assumption that all the demands must
be met and also all the supplies must be delivered. Figure 4-28, further demonstrates

different steps taken to create chromosomes.

Data Base
(DE]

Get the Chr Idto be g
—aih Private Sub
CrealeScheduleForOneChromosome(intChric
| | As Integer)

" Get the route data from the DE & add it to
|_ —— the Route collection

Call FillCollectionRoutes
L
> T,
7 while s
<;\ Supply<> Demand >
-, 4 - ~
s -~

.‘.\ . -3
N!
c
v ) Yes

Assign Routes to the available tucks inthe .
chromosome I ]
FillScheduleOneStep (intChrlc) "

Transfer the generated schedule to the DB

Call ApplySchidToTable(intChric)

Figure 4-27 creating a chromosome (i.e.schedﬁle)
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Figure 4-28 FillScheduleOneStep Function
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4.5.3.3 Start time Assignments

In this step, a complete schedule is considered. Using a schedule the total number of trucks
used is obtained. In addition the routes assigned to each truck is considered. In this step all
the routes assigned to trucks are updated with start times. The start time is used to specify
when a truck is going to depart a refinery to a bottling plant and also when to depart from a
bottling to a refinery. In assigning start times, travelling times, and also possible waiting

time at both refineries and bottling plants are considered.

As illustrated in Figure 4-29, the start time for refineries is randomly chosen from a time
range of (1 to 24 hours), this reflects the waiting time that trucks are mostly faced at
refineries. Also, the start time at bottling plant is randomly set between (1 to 5 hours),
which reflects the waiting time that is normally encountered at bottling plants. Therefore,
considering the waiting time at supply and demand nodes and the actual travelling time
between supply and demand nodes, the departure time for a truck to depart the demand
node is the addition of these waiting times and travel times. Figure 4-31 shows the steps
taken in function called AssignStartTime() to update start times for all the considered

routes in a chromosome.

CalcStartTime = Start time () +
Travel Time (1) + Start time (2,

@ef\] Travel Time (1} I
ey’

Refinery Processing Plants
] Start time - Start time 2
time window [ -24 hrs} time window [” -5 hrs)

Figure 4-29 Start times calculations
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Figure 4-30 Updating chromosomes with start times
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4.5.3.4 Repair Technique

This is one of the major steps in developing valid and feasible transportation schedules. As
indicated earlier, the logistics systems are typically restricted by a number of real world
constraints. Violation of such constraints results in total invalidity of the generated solution.
In this application the initial population is set to be composed of all valid solutions. For this
reason a set of repair techniques was developed to detect any violations of the specified
constraints and then to repair such violations to make valid and feasible solutions. Also,
one has to remember that genetic reproduction techniques such as crossover and mutation
could extend the solution to infeasible regions and therefore results in infeasibility of the
solution. For this reason the repair techniques are applied both after initial population and
genetic reproduction processes. The followings briefly describes the developed repair
techniques for this application:

1) Supply and Demand Repair Techniques:

This repair technique is used to make sure that the LPG demand and Supply matches the
specified limits. In general, there are two conditions for this technique. First and the most
common one is to consider the demand and supply must match. This means all the supply
limits must be delivered in a way to match all the demands at processing plants. The second
option is to consider situations where supply and demands can be variable. This means
assignments, where demands are not met or supplies are not totally delivered are
acceptable. The aim of this repair tech is to look at each generated schedules and based on
the specified demand and supply conditions re-address the violation of such limits.

2) Delivery Operations Repair Technique:

This repair technique was developed based on the lower and upper limits sets for the
number of required LPG delivery operations per day. This limit is set for each bottling plant
existing in the system. This technique looks at the generated schedules and checks if the
specified limits are followed for each available bottling plant. This method establishes the
daily deliveries to each bottling plant. If this does not mach the required limits then this
techniques tries to address the imbalance between those days with high number of
deliveries and lack of deliveries.

3) Distance Repair Technique:

This technique is mainly used to address any constraint violation set for the total distance

travelled by the generated schedules. In case of exceeding the required limit on the
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distance, this repair technique aims to reassign routes so that the total distance is equal or

less than the set limit. This could be used for distance minimisation.

4) Human factor Repair Technique:

There are a number of techniques that could be grouped under the human factor repair

techniques category. These techniques are developed to address the following constraints:

e Upper Limit on the Human factor Factor: this limit is set to make sure that routes
taken in a schedule do not exceed an specified upper limit. The task of the developed
repair technique is to first highlight those routes that have violated the specified limits.
Then the exceeding routes are replaced with the other routes that lead to the same
destination.

e Route Combinations: there are certain route combinations that are not acceptable by
either drivers or unions. The user specifies these route combinations. The aim of the
repair technique is to highlight all the violated route combination in a generated
schedule and then to replace them with the valid routes.

¢ Route Matching: also, there are certain route combinations that must be followed in a
given schedule. The unions specify these route combinations. The repair method must
detect if the specified matching routs are met. Otherwise, the violated combinations
must be replaced with a valid set.

5) Work balance Repair Techniques:

There are a number of instances of this technique. The first method is based on balancing

the number of operations carried out by each truck in a schedule. This method specifies an

upper bond on the number of delivery operations to be performed by trucks in a schedule.

This limit is obtained based on the total number delivery operations required and the total

number of trucks that exist in the schedule. Using this limit, the repair method obtains the

total number of delivery operations for each truck in the schedule and then it tries to
balance the under utilised trucks with the over utilised ones. This approach makes sure that

trucks conduct relatively close number of delivery operations. Although this method was a

useful approach to balance the workload but it could overload operators in terms of

working hours.

For this reason, the second instance of this repair technique was developed to look at the

trucks availability. The availability is usually based on weekly working hours that a truck
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can operate. Considering the breakdowns and repair times for trucks, one can set this limit.
Using this limit, the repair technique gets the total working hours for each tuck in a
schedule. Then it balances the under utilised trucks by the over utilised ones. It must be
mentioned that none of the trucks are allowed to exceed the specified availability.
Therefore, if all trucks are balanced and there are still delivery operations then extra trucks
are added to perform such deliveries without violating the availability limits.

6) Completion Time Repair Techniques:

This repair technique is used to make sure that transportation schedules are completed by a
specified number of days. The user sets this limit and the repair method highlights those
truck schedules violating such limit. The specified truck schedules are reduced to the
specified time limit and the extra operations of such trucks are randomly assigned to those

trucks that have high gaps to the specified time limit.

4.5.3.5 Chromosome Cost Calculations

This aim of this step is to calculate the overall schedule cost based on the cost parameters
and constraint violations described earlier. The algorithm presented in Figure 4-31 uses
chromosome details such as the number of truck, routes taken by each truck and the start
times to calculate cost measures such as travelled distance, completion time, work balance
and etc. The cost is measured for each chromosome in a generation. The cost calculations

are detailed in section 4.7.6 and 4.8.
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Get the total number of chromosomes ina |
generation
TotalCostFactors(chrNumbers As Integer)

l ) © Total

e ~—— chromosomes
< Fori=chriNumbers = to be
"~ o considerad

Get the number of trucks used in the
chromosome
Set rdsUsedTrucks =
cEvalCost.GetUsedNumberOfTrucks(i}

I

Calculate the chromosome cost
tmpStruct = CalcScheduleCost(i,
rdsUsedTrucks.RecordCount, False)

— ¥ R
Add the calculated chromosome costtoa :
collection set

colTotalCost Add
SumTotalCostOnes lonil

e

Increment the
chromosome number

pStruct)

Figure 4-31 chromosome cost calculations

4.5.3.6 Storing Generation into Database

When, all chromosomes in a population are generated and their respective costs (i.e.
fitness) are obtained, then details of the generated population is recoded. In this step, four
operations take place. First the minimum cost chromosome is identified and then its details
such as cost parameters and the number of used trucks are stored. Also, The highest cost
schedule is recorded accordingly. Furthermore, a general report on the population is
provided. Using this report one can monitor the GA operation performance in terms of
convergence rate, selection intensity, population diversity and etc. The generation statistics
is recorded in Optimum Cost database. Finally, the minimum cost individual is compared
with other minimum cost individuals from last generation and if the current one is better
then details of the schedule are stored in a BestChromosome Database table. Figure 4-32

shows these steps and Figure 4-33 indicates the related database tables.
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intScheduls| intTruckld|intRouteld| intChromosoy intStafTime | iniStanTimel 4

Figure 4-32 Save Chromosome cost to DB.

intMaxCostld | intChromosomel intReplicate| dbiCost |iniTruckNo | A
L b] 454807 13 1 3 1278 (= 45 1 0 eme 240
|| 454608 13 28 3 2169 0 46 4 0 628440 30|
|| 454600 13 33 3 4311 o Bk 47 4 1 639568 3 a
(| assst0 13 2 3 a0 0 ¥ (Autohumben 0 ] ol#
T -1 Al B o e 08 0 PR
| aseer2 13 9 3 7671 0 -
! 1
= ﬁ:i g ;é g bl g intMinCostld |intChromosome| intRaplicate| dblCost |intTruckNo
| 454815 13 10 3 0 66 1| 0 em97 24
|| 454616 13 11 3 0 87, 2 0 623135 2
| 454617 13 11 3 0 ] 3 0 60B0BG 34
| 454618 13 11 3 0 -; wombz 3 ; 595‘“3 3‘6
454618 e 3 na _ — /! |
Recat (1) ¢ [T (005 o 73 PR 0 O i3 0 TR
intOplCostld |intChromosom) intReplicate | dbIMaxFitn| dblMinFitn| dblAvgFilness | dbiSumFilness|dblVarianceFitn| dbiStdDevFitn
D 3 0 B4 6219 248784
] 104 3 1 69508 3968 618017 2472068
| 105 1 2 60315 631978 6192005 2477162
# 1A hm’i n n n n n
Recet [14] ¢ [T 00R o 3.
Figure 4-33 Data storage from a population
454 Populating Generations

The initial population represents the selection pool for chromosomes to be used for
populating succeeding generations. The aim here is to populate new generation using the
old generation individuals. This is done using Genetic selection and reproduction methods.
Figure 4-34 shows this process schematically. In populating the new generation, if elitism
is required then a number of chromosomes specified by the user are transferred from the
old generation to the new generation. These chromosomes are typically the fittest

individuals.

Figure 4-35, represents the overall steps taken to establish a generation of chromosomes. In

building a generation, when Elitism is desired, the number of times to replicate for

. - —————"
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populating a generation is reduced. This is more evident in procedure known as
DoReplicateMakeGenerations (popNo As Integer) as indicated in Figure 4-36. This
function starts with transferring the elite individuals to the new generation. Then the
remaining individuals are stochastically selected using selection methods. Based on the
probability of crossover and mutation the reproduction process takes place and the
generated offspring are inserted into the new generation. As indicated in the algorithm these
steps are continued until the new generation is completed. Upon the completion the new
generation is moved back to the old generation table known as Evaluationtable. Using this
table the general generation’s performance measures, the best chromosomes, minimum and

maximum chromosomes are recorded as explained and illustrated earlier in Figure 4-33.

Chromosome iCost(x) Fitness
No. f(x)
= N e
li N
l — —
I I=—_
Iy I
Old Greration I
No. (x) (x) | 11 No. {x) (x)
i 3 [ ! o == il T
2 100 1 I e N1 7 | 142857
3 20 5 | 3
4 40 25 T 4
Crossover &
| Mutation
i
N 7 | azesi] | )
N 49 2 040816 N

Fi_gure 4-34 Populating Generations
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To make Generations
MakeGenerationGA(;

If Elitism is requirezl

—

Yes

|

e

If (GASpec.isElitism)

No

b

In this case, two chromosomes are
transferred to the current Generation
iBeginReplicationPt =

No need to transfer chromosomes to
the current Generation
iBeginReplicationPt = 0

|

NO
h 4

For i = iBeginReplicationPt To~—__
GASpec.PopulationNoJ 2) - 1

®

Perform GA selection & operations to
create the generation

DoReplicateMakeGenerations (

v

i=it

|

h 4

Reset all values and empty all
collections, no argument, no return
values
Call ResetValues

h

Move back Generation data to
evaluation thl

cEval MoveBackGenerationToEvaluation

Y

Calculate schedule cost for generation
Set m_colSchedulesCosl =
TotalCostFactors{GASpec PopulationNa;

4

Save generation statistics to DB
Call SaveCostStructToDB

Y

Get the fitness of all the generated
chromosomes
ListAlIFitnesses

h 4

Clear the generation tbl
cEval DeleteGeneratior

Figure 4-35 Steps to build Generations
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- g | L 4
P to create for a Generation | /-\ !
DoReplicateMakeG ions(popNo As Integer, s |
2080 | - it R |
— — —»<_the crossover operationisto _S———— |
— + o take place?
— S
Selecta ber of Top Fit ch
Select2TopMost | Yes
1 i v =
i NO ' perform Cr Operation on selected parents
- S CrossOverOperation(firstBestChromosome,
- o o secondBes{Chromosome, firstBestChromosome) |
" (GASpec.isElitism = True ™ ] — ) I
S And -
“__popNo = 1) _— NO
H\H"--. /, - —_
YI ! Update the start times in generated
(=] -
L 4 | offspring
— e Call ReAssignStartTime(firsiBestChromosome) |
- Call |
— — —g CoRVthe selected chromosome to Elitism Table ReAssignStartTime(secondBestChromosome)
CopySeleciedChrToElitism L
N— + T T~
| ; " i=total number of .
—d Transfer Elitism to Generation table | “HH_H chromosomes inthe _—
cEval. TransferElitismToGeneration ~—genaration?.
N
+ Nao
A = Y =
Select 2 chromosomes for Genetic Operations | Perform Possible k on selected
Select2TopMost = chromosome
DoMutate (chrld)

i YES

Check for any constraint violations |
Apply Repair techs to each chromosome |
DoRepairTech

v

it chr
i=i+

Transfer all the chr inthe g
————————————————————— —q to Generation Table r—
CopyToGeneration (popNo)

Figure 4-36 Steps to replicate GA operations to populate a generation

4.5.5 Scaling Methods

Prior to selection of parents for reproductions, there is a need of fitness scaling to prevent
any possible premature convergence. The convergence to a local minimum could happen
both in the early and later runs of the GA operations. At the start of GA runs, it is common
to have a few extraordinary chromosomes in a population, which would take over a
significant proportion of the population in a single generation. Also, late in the run, the
population average fitness may be close to the population best fitness, which may result the
average members and the best members to get nearly the same number of copies in future
generations. There are a number of scaling methods available in literatures such as

windowing, exponential and etc. There are three scaling approached conducted in this

- 106 -



Chapter 4: GA Design and Developments

application. Here one of the approaches is introduced and descriptions on the linear

transformation and the ranked based methods are provided in Appendix C.

4.5.5.1 Linear scaling to values between 0 and 1.

This scaling scheme was implemented in the computer program GENETIC [51]. In this
method the raw fitness is defined as f and the scaled fitness as f . In this approach the
highest fitness value f,and the lowest value f;of the chromosomes are obtained. The
fitness values are converted to positive values by adding the quantity C = 0.1 £,,-1.1 f; to
each of the fitness values. Thus the new highest value will be 1.1[ f;,- f;] and the lowest

value 0.1[ f;, - £, ]. Each of the new values is then divided by D = max(l, f}, + C)

f=tit % JWhere e (34)
C=01£-117 s (35)
D=max(L, £ +C) e (36)

After performing the scaling operation, the sum of the scaled fitness values S is calculated

using § = 3 " In order to demonstrate the impact of such scaling mechanism, this method
g fi p g

=
is applied to the fitness values obtained carlier in section 4.5.2. Table 4-2, illustrates how
the 0-1 scaling method is applied to the fitness values. In addition, Figure 4-37 illustrates
how this method was coded in this application. Finally, looking at Figure 4-38 illustrates
the impact of scaling method. It is evident that less fit chromosomes such as chromosome
9, 1 and 3 are now given better weight and therefore better probability of selection for

genetic reproduction process.

Table 4-2 Scaling Fitness values using (0-1) Method
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Chromosomes

Lowest Cost

Highest Cost

Initial Costs

FFitness Value (1)

(1)+C/D

Sum of Fitness

Fitness Value (1)
Cost Ratin%,

Scaled Fitness
Value (1) Cost
Ratin%

178781 6758 0.13617 0.13617 2
132979 52560 0.44300 0.57917 7 7
158753 26786 0.27034 0.84951 4 5
79398 106141 0.80193 1.65143 14 13
84155 101384 0.77006 2.42150 13 13
78149 107390 0.81029 3.23179 14 14
49830 135709 1.00000 4.23179 18 17
73345 112194 0.84248 5.07427 16 14
1855339 1 0.08091 5.16518 0 2
80323 105216 0.79573 5.96091 14 13
1
135709
13569.80
149278.80

Dim
" bim

Private Funetion SealingNormalMethod() As Double

sumTotulFitncsses = sumTotalFitnesses + afterScaled
i

SealiagNormaiMethod = sumTotalFitnesses

Ed Function

Figure 4-37, 0-1 Scaling method
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Impact of (0-1) Scaling Method

- - = - - N
o N o (-] -] o

Chromosomes Costs Rations (%)
-]

1 2 3 4 5 6 7 8 9 10
Chromosomes

‘B Raw Costs [ Scaled Costs

Figure 4-38 Impact of Scaling on chromosomes fitness
4.5.6  Selection Methods

One of the main GA operators that would influence the performance of the evolutionary
algorithm is the selection method. Chromosomes are selected from the population to be
parents for the reproduction process, the fitter the chromosome, the more times it is likely
to be selected to reproduce. The approaches implemented in this work are roulette wheel

and tournament selection methods. The latter method is presented in Appendix C.

4.5.6.1 Roulette Wheel:

Figure 4-39, demonstrates how this method operates. First, the total population fitness is
calculated and then a random number ranging from 0O to the total population fitness is
generated. Starting from the first chromosome, the fitness values are summed and if the
fitness values exceed the generated random number then that chromosome is selected for

reproduction process.

This selection method is in fact a linear search through a roulette wheel with the slots in the
wheel weighted in proportion to the individual’s fitness value. This method chooses
chromosomes probabilistically, instead of deterministically. In this way, if a chromosome

has the highest fitness there would be no guarantee that it will be selected. In fact, on

_———— s s s ———— -~
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average a chromosome will be chosen with the probability proportional to its fitness. Figure

4-40, illustrates how this method was coded in this application.

itttk [ e e Ty !
]
Candidate Solutions (i) Candidate Solutions (i) 1
b in a Population in a Population 4
= psize = psize
i=j+1 i=i+1
s=0 S=0

525+ fres

Yes Yes
4
Generate a random number
from the interval (0,S)
Return

_--+____-____________-_____--__a
___________.._..__________.......i____

chromosome (/)

Select Chromosome

Calculate Population Fitness stocastically

Figure 4-39 Roulette wheel selection

Private Function SelectionNormalMethod(sumTotalFitness As Double) As Integer

Dim dblinterval As Bouble
Dim sumFitness As Bouble
Dim tmpNumber As Daulile
Dim | As Integer

Dim count As Integer

' Generute interval number

dblinterval = G N WithFig (0, 1)
tmpNumber = sumTotalFitness * dblinteryal
sumFitness = 0

count =-1
* Get the highest & lowser
For i = 0 To (dicScaledFitness.count) - 1
" do udd fitness
sumFitness = sumFitness + dicSealed i 1 ticScaledFitness.Keva(i))

VIE Jess than interval's fitness, continue, otherwise, eult
1f (sumFimess = impNomber) Then
count = |
Exit For
End If
Next

“return the selected eliromosome
e = dleotad b =

I miliod

End Function

Figure 4-40, Roulette wheel function

4.5.7 Crossover Operators
Crossover serves as a mechanism by which parent chromosomes can exchange information
and possibly creation of more fit offspring. This allows exploration of new regions of the

search space. There are a number of operators developed in this application. Here, only one

_———— e —————— e ——— Y ———————————————1
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operator is described and Appendix C provides further details on the other operators. To
demonstrate the impact of these operators the following two transportation schedules are
considered.

e Schedule 1:

SL_ | EL [ sU Y ) [T o N - P D 5 TEL. SL__ | EL
27 27 15 15 19 19 28 28 15 15
Esfahan Karaj Abas Qom Arak Kara] | Esfahan | Keshan Abas Qom
12 12 14 14 11 11 31 31
Abas Kashan Abas Mashhad Abas | Karaj Esfahan Qom
35 35 12 12 18 18 9 9 11 11
Tehran Kara] Abas | Kashan Arak | EsfahanC | Abas Babol Abas _ Kara
15 15 7 7 19 19 14 14
Arak Qom Arak | EsfahanC | Arak Mashhad
14 14 15 15 15 15 40 40
Abas Mashhad | Abas Qom Abas Qom Tehran yazd
12 12 22 22 24 24 11 11
Abas Kashan Arak Mashhad Arak yazd Abas Kara]

Figure 4-41 a chromosome representing a schedule

Figure 4-41, shows a chromosome representing a transportation schedule for six trucks.
Each individual truck has a unique schedule, which consists of different location to travel.
Also the schedule cost for each individual truck as well as the overall transportation
schedule is recorded as shown in this figure.

e Schedule 2:

S S e e < T
38 38
Tehran Mashhad
3 3 39 39 17 17
Abadan _Rafai Tehran Qom Arak Babol
4 4 21 21 27 27
Abadan Kashan Arak Kenlan Esf_a.han Karaj
15 15 i7 il 19 19 14 14
"Abas Qom Abadan | _Qom Arak | Karal Abas__| Mashhad
29 29
Esfahan Kerman
2 2 14 14 14 14
Abadan | EsfahanC | Abas Mashhad | Abas Mashhad
3 3 8 8 35 35 10 10
Abadan Kara Abadan yazd Tehran Esrgl Abas EsfahanC
26 26 11 11 37 37
Esfahan_| Esfahanc | _Abas Karg] Tehran | Kerman
25 25 7 7 38 38 22 22
Esfahian Babol Abadan Qom Tehran | Mashhad Arak Mashhad
23 23 12 12 3 33
Arak Gom Abas Kashan Tefiran Babol
33 33 26 26 17 17 10 10
Tehran Babal Eslahan | EslahanC | Arak Babol Abas | EsfahanC
13 13 2 2 21 21 19 19 35 35
Abas Keman Abadan | EsfahanC Arak Kerman Arak Karaj “Tehran Karg)

Figure 4-42 A chromosome representing a transportation schedule

Figure 4-42, similarly illustrates another chromosome containing plans for twelve trucks.
Each of these resources has their transportation plan and their respective costs as illustrated.
The following sections use these two chromosomes to perform the crossover operations.
Figure 4-43, shows the overall scheme in applying different crossover operation used

within this application.
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| ]
Randomly select a number between 0 &1 | *
IProbabillty = Rnc(1) > .
| A S
| /’ M
_~"Chack the crossover methoc .
. selected {1 2 3)7 e
‘\GASpec crossMethod
. ~
” R \\ //
sl N \_r-
Stop Crossover | I the random number ™. !
operation i o > selected probability "~
CrossOverOperation = F‘Ye' - IProbability > /> L 4
Falae | ™ CrossOverProbability .~ Fix length crossover operation
. -
o ~ DoCrossOverfixedLengtt
— S // rdsCl 18! rdsC 2nd
‘“‘—\_ e | splitPl co1s! co2nd
NC [ VariableLength oparatior i
| DoCrossOverVorioblaLength
‘ P Ldscl 18! rdsC ]_
splitP! co 1s! co2nd
A Specify a split point for crossover
operations - — =
| Get random No botween mir & max trucks Partially Mapped Uniform Crossover
| splitPt = \_’ DoCrossOverPartiallyMappedUniform
GelRandomTruckNumber{firstChi secondChr) rdsCl 1sl rdsCl 2nd
co 18! ¢o2nd
4 Update the DB with the new set of
| chromosomes {15t 2nd) |
DoCrossOverAddDatabase {(newChromosome | €
Get Chromosome &2 from the database d co1sl)
Set rdsChromosome 18! = |
Set rdsChromosome2nd * o

Reset all data sete
Set rdsChromosome1s! = Nothing
Set rdsCl d = Nothing
Set rdsTrucksNoChi1 = Nothing
Set rdsTrucksNoChi2 = Nothing

Figure 4-43 the crossover methods in GA tool

4.5.7.1 Single Point, Fixed Length Crossover:

This operator is used to generate an offspring with the same length as the parent
chromosomes. Here the length refers to the number of trucks considered in a schedule. The
idea of this operator is to keep the number of tuck fixed in successive generations. Thereby
a crossover point is randomly selected between the minimum and maximum length of the
shortest chromosome (e.g. 5). The first portion of the parent genes remains the same and

the second portions are exchanged as shown as follows.

1] 2] 3] 4] 5] 6 7| 8 9 |10]11]12
Crossover
Min Max

Figure 4-44 Top view on Parent Chromosomes
Figure 4-44, illustrates a top view of the described chromosomes. As indicated before, the
aim of this operation is to perform crossover while keeping the total number of trucks

consistent with the parents. For this reason the chromosome containing the least number of

#
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trucks is chosen. The crossover point is randomly chosen between the minimum and the

maximum number of trucks used in this schedule.

ST D = VA [ ] TSmOy e ) e |
1 2 3 | 4 5 6 7 8 9 10 | 11 | 12

| Ofs1 1 2| 3

L S B R (I WO | )
Figure 4-45 Generated offspring

Figure 4-45 illustrates how the first segment of cach parent chromosomes are kept and

unchanged and also the number of trucks used in the offspring stays the same as in the

parents.
Esfahan |_Esfahan
12 12 14 14 11 71 31 31
Abas Kashan Abas Mashhad Abas Kara) Esfahan Qom
35 35 12 12 18 18 9 9 11 11
Tehran Karaj ~ Abas Kashan Arak g&anc Abas Babol Abas Kara]
15 15 7 T 19 19 14 14
Abas Com Abadan Qom Arak Karej Abas Mashhad
29 29
Esfahan Kerman
— 7 2 14 14 14 14
Abadan EsfahanC Abas Mashhad | Abas Mashhad

Figure 4-46 Schedule 1 after crossover
Figure 4-46 and Figure 4-47, indicate offspring generated after crossover resulting in a new

set of schedules. As evident from Figure 4-47, a better schedule is obtained representing a

lower cost. Figure 4-48, shows how this method implemented in this application.

Er A EE= ] Sz B
23 18
Qom Arak EsfahanC Arak Mashhad |
14 15 15 15 15 40 40
Mashhad Abas Qom Abas Qom Tehran
12 22 22 24 24 11 11 10
Kashan Arak Mashhad | Arak vazd Abas Karaj Abas
3 8 8 35 35 10 10
Eﬂ; Abadan | yazd Tehran Kara] Abss | EsfahanC
26 11 11 37 37
ESfahsnG | Abas | Karg) | Tehran | Kerman
25 7 7 38 38 22 22
Babol Abadan | Qom @rgn _Mashhid Arak Mashhad
73 12 2 33 33
GQom Alias__|_Rashan | Tehran | Babol
33 28 26 17 7z 10 = 10
Babol | Esfahan | Eslahanc |  Arak Babol Abas__| Esfahant
13 2 2 21 21 19 19 35 35
Kerman Abadan | EsfahanC|  Arak Kerman Arak -% Tenran Kara

Figure 4-47Schedule 2 after crossover
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Get the chromosome data before split point
& save them to the suitable collection
Set col” s1 = FillCollectionBesiChrs

i) ifs (:bt%iged o Set col2s! = FillCollectionBestChrs Check which chromosome
the

has the llest number of

) trucks

Set the max length for smaller and bigger /,-/ Set the max length for smaller and bigger
chromosomes / . = chromosomes
maxLengthSmallerChr = & - rdsTrucksNoChr* RecordCount > 2 maxLengthSmallerChr =
rdsTrucksNoChr* RecordCount & rdsTrucksNoChr2 RecordCount -~ rdsTrucksNoChr2 RecordCount
maxLengthBigerChr = “\\ i3 maxLengthBigerChr =
rdsTrucksNoChr2 RecardCount ~_ \/ rdsTrucksNoChr* RecordCount

Obtain the data after split point and save them to the
suitable collectior
Set cotmpChr’ = FillCollectionBestChrs
| Set coltmpChi2 = FillCollectionBestChrs

v

For the chromosome with the bigger length get the
remaining part of chromosome after max length point and
add it to a new collection
Set coltmpLefi = FillCollectionBestChrs

v
r

I

Exchange data after split point ‘
Call DoTraverse(colimpChr* coltmpChr2 colAfterChange-
colAfterChange2

v

Add the Exchange data to data before split poin{
Call AddToCollectior (colAfterChange’ col” sl)
Call AddToCollectior {colAfterChange2 col2nd)

v

Complete the new offspring to their respective length
Call AddToCollectior (coltmpLeft col” st)

Figure 4-48 series of functions to implement Fixed Length Crossover method
4.5.8 Mutation Operators

Mutation is a random exchange of one or more genes in an offspring resulted from the
crossover operation. The primary purpose of this operator is to increase diversity into a
population. The mutation may result in finding better optima. Figure 4-49 illustrates how
mutation operators were implemented in this application. In this application two types of
mutation operators were developed. The Classic method is described here and the Inversion

method is illustrated in Appendix C.
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| inlChromosome ="' & Chremosomelc & * anc |
intTruckld = & GetTruckld(TruckNo) |

1 'I' |
| Randomly select a number betweer h |
| 081 By
| | iProbability = Rnc(1) / S
| L /./ S
| //chwk the Mutation method ™.
| | — sobected {1 2)7 >
| | I\"-._ \\\‘SASm: MutationType "/d |
[ 3 |
| the random numbei s 7
. -
| | ” > selected probability “\-.I, -~
| ~IF y > Probable_-
| e - 1
I I o P : 4 - |
| ' ~N Clasic Mutation operat
ssic
| : NC ' Call MutationClassic (rdsMutate )
| o B '
] Randomly select a truck from the smallest .

! | parent chromosome 1
| TruckNo = i i jon operati !
| T "w Call Mutationinversior {rdsMutate}

1 |
| Chromosomelc) |
I . !
|
| = ———
| |
I 1 Updale the Start Times in the mutatec
| Getft'l:,e s;?edu:c{tor m: selected truck chromosome - — |
f | m the selecled phromosome Call ReAssi {Time(C 1d}
I ! Sel rdsMutale =
== cEva GelEvaluationBalchRds(" = |
| L =
I
I

Fig;re 4-49 Mutation Methods implemented in this application—

4.5.8.1 Classic Mutations:

This operator randomly selects a truck schedule from a generated offspring. The detail of
the schedule is such as routes and start times are replaced with a new set of random
assignment of such variables. Figure 4-52, illustrates how this operator was coded within

this application. This operator is demonstrated as follows:

—Comt. . |- 82 -] CL _ = :_E—: ._.i_‘_?a__i;:iﬂ.ll E e S~ ﬂ
67348 38 13 13
T = Esfahan Mashhad Abas ‘Kerman
3 39 39 17 17
496 B Tehran --Kﬂ‘_aj Tehran Qo Arak Babol
4 21 21 AL 27
6738 Babol Kashan Arak Rerman | Esfahan | Karg
25 18 18 22 22
15 ] Kashan Qom Arak EsfahanG | Arak Mashhad
14 15 15 15 15 40 40
- 14201 Kerman Mashhad Abas Qom ﬂ)_a_s Gom Tehran yazd
12 22 22 24 24 11 1
1313 Mashhad Kashan Arak asnhad | ATk yazd Abas Kara]
Figure 4-50 a chromosome before mutation operation
T ¥ ) N T = < S| ] < ) = T s e ] B
77548 38 38 13 13
n | Tehran | Mashhad Abas | Kerman
3 3 38 39 17 17
Tohran | Abadan | WKera] | Tehmn | Qom | Ak | Babo
4 4 21 21 27 27
= Babol Abadan | Kashan ‘Arak | Kerman | Esfahan
2z 23 18 18 22 22
i Kashan | _Arak_ Gom Arak__| Estahanc | Arak | Mashiad,
14 14 15 15 15 __:l_f» 40 A0
Abae | Mashhad | Abas Gom | _Abas_| _Qom | Tehran

Figure 4-51 Mutated Chromosome
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Private Sub MutationClassic{ByRef rds As ADODE. Recordset)
Dim | As Infeger ]
Dim cRoute As New clyRoute
Dim [Route As Integer
! Get all routes from DB
cHoute.GetRouteRds
With rds -
‘Randomly replace all the roote assigned to the selectec truck
' for first location of trock to the final destination
For | =1Ta.RecordCount - 1
1l (.EOF) Then Exht For
"Randomly select routes from the available routes
iRoute = GetRndNumber(1, cRoute.GetRouteList. RecordCount)
Gt the Roate data from the databise
Call cHoute, GetRouteList, Find("intRouteld=" & IRoute, , ndSearchForward.
ndBookmarkFire))
'Update the db record for the selected truck with the new route
If (cRonte,GetRouteList. EOF = Falsc) Then
JFields( 14") = cRoute.Get RouteList. Fields(" intRouteld")
End Il
MoveNext
Next
'Upidate the miitated chro i the databy
ActiveC = cEval.GelActiveC Tiateh
UpdateBarch sdAffectAllChapters
Set ActiveConnection = Nothiay
End With
* destract ol
Set eitovte = Nothing
Ead Sub

Figure 4-52, Classic Mutation operator

4.5.9 Replacement Strategies

When creating new population by genetic reproduction processes, losing the fittest
chromosomes is probable as the selection of candidate solutions is done stochastically. In
this application the concept of Elitism model was used to allow transfer of a few best
chromosomes to new population for further evaluation. In this application, the user can
specify any number of elite members to be transferred between generations. Starting from
initial population, a number of elite individuals are selected from this population. These
elite members are transferred to the next generation. The remaining individuals for this
generation are produced from the chromosomes in the last generation using the genetic

reproduction methods.

Again, the elite members are updated. In this way each elite member is individually
compared with the chromosome in the current generation. If there are chromosomes that are
cheaper or fitter than the elite members then the member is replaced by the fitter
chromosome. As before, the updated elite members are transferred to the next generation

and the remaining individuals are created from chromosomes in the last generation.

The above steps are carried out in a function called MakeEliteSchedule(ByRef colCost As

Collection). This function is a complex nested function that calls on many other developed

-116 -



Chapter 4: GA Design and Developments

functions to record and transfer specified number of elite members to succeeding

generations. Appendix C, illustrates how this function was developed.

4.6
To perform search based on Pareto Optimal Genetic algorithm (POGA), the user need to

Pareto Optimal Genetic Search Engine

specify the same initial parameters as the standard GA search method, including, the initial
populations size, the maximum number of trucks, number of generations, scaling method,
selection method, crossover type, crossover probability, mutation type, mutation
probability, fitness evaluation method. In addition to these parameters the user has the
option to choose any combination of objectives to either minimise or maximise during the
evolution process. This is illustrated in Figure 4-53. The POGA aims to find the set of non-
dominated solutions in a decision space comprised of decision variables such as Trucks,
Routes and Start times for an objective function comprised of 9 components. Chapter 3
described different steps involved in this algorithm. In this section the aim is to revisit those
steps to show how these were implemented. As this search method needs further
modifications and it is not completed. The reader is asked to refer to Appendix C for detail

information on how main aspects of this approach were developed in this work.

~¥ GA Automatic

Selection Mathods
Melhod Style ——
Pareto Selection Method
Loaded Distance — Unloaded Distanca rWukhg hours
€ Minimize € Minimze | Minimize _]
" Maximize C Maimize C Maxdmize
Due Date—— 1~ Completion Time BP veniory
C Minimze € Minimze € Minimize
" Maamize  Madmze C Maximize
Loaded Tranport UnLoaded Transpor — Truck Cost
€ Minim2e " Minimze " Minimize
 Madmize ¢ Maximze " Masmize
 Mipini
" Maximize
bk [CR ] _ Coed |

Figure 4-53 Selection of objectives for Pareto Optimal search

4.7

The selection of chromosomes in the simple GA is directly based on the fitness of the

Cost Factors within the Fitness function

chromosomes. The fitness of chromosomes is a measure of the quality of solution

represented by the chromosome. The probability of a particular individual passing its genes

ﬂ
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into the next generation was directly proportional to its fitness. The fitness of the
chromosomes in this application is based on different cost factors considered in modelling
vehicle routing and scheduling. The following sections describe each of these parameters

and how they are measured for this problem.

4.71 Completion time cost

This cost factor reflects the total time taken to complete all the required transportation to
the bottling plants. As the transportation schedules are generated based on monthly
demands then a typical time horizon to complete the LPG transportation is about 31 days or
less. A generated schedule is evaluated to check when all the deliveries are completed. This
time is taken as the completion time. The completion time cost is mainly related to two
main cost parameters such as Labour and Transit Inventory costs. Each of these parameters
is calculated as follows:

e Labour cost:

In calculating the labour cost, there are two main rates considered, namely the standard and
overtime rate as indicated in Table 4-3. The earlier rate justifies the transportation cost
within the specified time limit and the later is the cost rate applied when the delivery times
exceeds this limit. In calculating the labour cost, the overtime-cost rate is projected to
indicate the extra labour cost that the company must pay due to the late deliveries. To
calculate the labour cost, the total transportation time for each existing truck in the schedule
is obtained. If this time lies within the time limit then the standard rate is applied else the

overtime rate is considered.

Table 4-3 labour cost calculations

14252.42
14142.56
14270.81
11178.00

4
360 450
960 4

e LPG Transit inventory cost:
Transit inventory refers to the amount of LPG that is in transportation and it is not

delivered to processing plants yet. In this calculation the total transit inventory, which is the
———
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summation of inventories in each route is recorded on daily bases. Here, the transit
inventory is calculated based on the revenue cost. The transit inventory represents the
amount of LPG that are not delivered to the final customer and therefore they indicate lost
in sales and more importantly lost of customer good will. Table 4-5, illustrates how transit
inventory is recorded for a bottling plant in the existing system. Also as indicated in Table
4-4, the transit inventory is calculated for each processing plant. The transit inventory
multiplied by revenue cost is the total cost. In this approach, the company used an
exponential function to calculate this cost. The intensity level is used to consider factor

such as seasonal demand for LPG.

TransitCost = Re venue cost x Transitlnventory™ ™™ . ... 37

Table 4 4 Transit Inventory Cost

" Processing Plants | _ Transit Inventory.
Babol 20

Esfahan 23

Karaj 40

Kashan 10

Total 93

Transit Inventory cost 1157.24

Table 4-5 Recurdm
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4.7.2 Environmental cost

Transportation has a direct impact on environment. This impact could be assessed in three

categories as follows:

e Air Pollution: Air pollution remains among the most recognised and widely accepted

negative impact of the transportation system. To measure the impact of transportation
schedule on the air pollution, the STEM (Surface Transportation Economic Analysis
Model) Model [114] was used. This model uses emission modelling to forecast the
quantity of emission resulting from each transportation alternatives for key pollutants.
Tones of emitted pollutants are the output of this modelling exercise, to which a dollar
value can be assigned, the STEM model includes per tone cost estimates for key

pollutants, these cost estimates are as follows:

Pollutant Cost per ton
Carbon Monoxide (CO) $3,889
Hydrocarbons(HC) $ 1,779
Nitrogen Oxides(NOx) $3.731

Figure 4-54 Cost per ton of pollutant

Also [115] reports that the cost of avoiding CO, emissions is about US$30-50 per tonne
of Co2 for most of the current range of fuel prices. To estimate the impact of a
transportation schedule, the emitted pollutant from the transportation must be
calculated. To this effect the daily fuel consumption and the average fuel economy for
the available trucks in a schedule are calculated as follows. These formulations are
based on work carried out in Texas Transportation Institute [116].

XA S
Daily Fuel Consumption = Hours Travelledx AverageSpeed (38)
Average Fuel Economy

Average Fuel Economy = 3.74 + (0.11x Average Speed) x (Liters per Kilometer) ................ (39)

The average speed and litters per Kilometre are provided by the logistics manager based
on the historical data available. Based on the above formulation the total fuel
consumption is calculated for the time horizon for all the trucks available in the
schedule. The obtained fuel consumption is proportionate to the main pollutant and the
total air pollution cost is obtained based on the specified cost units for each of these

pollutants.

@
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e Water Pollution: Transportation contributes significantly to water pollution and
hydrologic problems. [117] suggests that 46 % of the vehicles in US leak hazardous
fluids, including oil, transmission, hydraulic and break fluid and antifreeze. These
pollutants are either burnt by the car’s engine or these are improperly disposed into the
ground or into sewers. The run-offs from streets, highways carry pollutants from the
road surface into streams, rivers and lakes. These pollutants contaminate the dinking
water increased flooding and leads to an increased need for flood control measures. The
WSDOT (Washington Department Of Transportation) [117] estimates that the capital
and operating costs associated with meeting run-off water quality and flood control
requirements are about $0.002 to $0.005 per vehicle mile travelled. Using this figure the
impact of a transportation schedule to the water pollution is calculated.

e Noise Pollution: Since the transportation is a major source of noise, the primary cost of
noise is usually estimated based on the reduction of residential property value due to the
traffic noise. [118] estimated the minimum cost of noise associated with automobile at
$0.002 per vehicle mile travelled, and the maximum at $0.06 per vehicle mile travelled.
This study used these figures to estimate the impact of a transportation schedule on the

noise pollution.

4.7.3 Inventory Cost

Inventory carrying costs at Bottling plants result from storing and holding LPG for period
of time and it is roughly proportional to the average volume of LPG kept in the reservoirs.
In general the inventory cost can be considered in inventory holding costs and shortage

costs. The inventory holding costs considers the following major elements:

e Capital Costs: this cost refers to the cost of the money tied up in the inventory. This
cost may represent over 80 % of total cost.

e LPG Reservoirs Service Costs: Insurances and taxes are considered as part of the
inventory holding costs because their level roughly depends on the amount of inventory

available.

The out of stock inventory costs are incurred when a demand for LPG cylinders cannot be
filled from the inventory. In the considering firm the inventory shortage cost is calculated

based on the lost of sales. This occurs when the customers are faced with stock out situation

#
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and they may wish to withdraw their request for the LPG. Therefore, the cost is the profit
that would have been made by this sale. Also, this could have additional cost for the

negative effect that the shortage may have on the future sales.

In this application the inventory cost is calculated for each Bottling Plant existing in the
system. The holding and shortage costs are specified for each respective plant in the
system. The daily LPG deliveries to each Bottling plant are recoded. Based on the daily
demands for the LPG and the initial inventory levels in each Bottling plants, the inventory
cost is calculated. The inventory cost which is the summation of holding and shortage costs

are obtained on daily basis. Table 4-6 demonstrates this procedure further.

Table 4-6 Partial demonstrations to calculate inventory costs for bottling plants

Input Data Quantity | _Units

| Total Monthly Demand 1148 Tonnes

Time Horizon 25 Days

Avallable Inventory 180 Tonnes

Dally demand 45.92 Tonnes

Inventory Holding Cost 2 Euros

|Inventory Shortage Cost 4 Euros

[Pe riod(t) 1 2 3 4 5 6 7 B 9 10
Initial Inventory 180 134.08 88.16 96.24 158.32 112.4 66.48 20.56 -25.36 -71.28
Demand(t) 45.92 45,92 45.92 45.92 45.92 45.92 45.92 45.92 45.92 45.92
Delivery Quantity(t) 0 0 54 108 0 0 0 0 0 0
Inventory Level (t) 134.08 88.16 96.24 158.32 112.4 66.48 20.56 -25.36 -71.28 -117.2
lHoI‘ding Cosl{t) 268.16 176.32 192.48 316.64 224.8 132.96 41.12 0 0 0
Shortaga Cost (f) == 0 _0 0 0 0 0 0 -101.44 | -285.12 | -468.8
|Total Inventory Cost(t) 268.16 176.32 192.48 316.64 224.8 132.96 41.12 101.44 785.12 468.8

4.7.4 Safety Cost

The safety cost is the average monthly cost due to possible fatal, injury and property
damages. Typically, the cost of vehicle accidents can be quite high, particularly in case of
butane gas, which is highly explosive. This cost includes vehicle and other property
damage as well as personal injury and mortality. For the most part of the accidents drivers
are covered through personal auto and life insurance policies, which is considered in the
ownership cost. However, some accident costs are not covered by insurance policies.
Insurance deductibles in this category are damages and losses beyond the measure of

affordable coverage.
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Table 4-7 identifies the categories for these costs and it provides some estimate cost for

each of these categories [114].

Table 4-7 Safety cost breakdown

Accident Type Internal Cost External Cost

Fatal accident $2,317,398 $408,952

Injury accident $50,760 $8,958
Property damage $2,824 $498

To calculate the safety cost, the accident rate (o) for each transportation schedule is

calculated as follows [114]:

Z Total Number of Accident,
a= n = n
z Distance Travelled, + Z Working Hours,
=1 =1 esdeseissessssiesasans (40)

Where
=1,...n (r = route)
t =1,..m(t = trucks)

The total number of accident is obtained per route considered in the system. This is

calculated using the following equation [114].

Total Number of Accidents = Accident Frequency , * Route usage ..................... (41)

The accident frequency, is the number of accidents occurred in a specific transportation
route. This is identified for each route based on historical safety data. Also, the route usage
is the total number of times that a specific route is used in a transportation schedule. The

safety cost for a schedule (SC) is calculated as follows:

SC = ax Company's Safety Cost  ...ooviiiiiiiminiinnn. (42)

4.7.5 Service Level Cost

The service level is a metric used to measure the percentage of daily demands satisfied.
This measure is calculated using two approaches as follows:

e Practical approach:
ﬁ
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Based on the considered time horizon in a transportation schedule, the daily-required
demand for each bottling plant in the system is established. For each time period in the time
horizon, the number of deliveries to the bolting plants is recorded. The daily service level
for each bottling plant in the system is calculated using the following formula:

if Delivered Quantity, > 0,
then

_ Numberof Deliveries,

SL X100 . ossmmSEERE (43)

t

Daily Demand,
else
SL, =0
The daily service level is reordered for each bottling plant and at the end of the time
horizon the average satisfied daily service level is obtained. If the average service level
does not reach the average targeted service level defined for each bottling plant then there
is an association service level cost. The service level cost is related to the revenue cost

provided by the company. The following formulates how this cost is calculated.

Unsatisfied Service Level = Average Service Level Target — Average Service Level
Service Level Cost = Unsatisfied Service Level * Revenue Cost
e Theoretical approach:
In this approach the service level for each bottling plant is obtained as above. When the
service level is less than the targeted level then the following profit formula is used to
calculate this cost as follows [1]:
P =axSL"* —pxSL?
where
o = Revenue Cost Slope

B = Logistic Cost Slope

In this approach, the profit related to 100% service level is obtained. Then the profit related
to the corresponding service level is calculated using the above formulation. The
subtraction of profit related to the service level form the 100% service level profit is the

corresponding service level cost.
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4.7.6 Transportation Cost Formulation

The transportation cost related to a delivery schedule could be formulated according to any

of the following categories.

e Uniform rate Transportation cost: This is the transportation rate specified by the
logistics manager. This rate is specified for both the loaded and unloaded distances that
a truck has travelled. The uniform rate is considered to be the same for all the routes.
This rate does not consider any specific characteristics of the route taken for
transporting the required volume of LPG. This cost depends on the volume shipped and
the distance between plant and warehouse. In this calculation the uniform rate is
established for transporting 18 tonnes of LPG. The 18 tonnes is considered as the unit
volume for transportation. Total transportation cost is the sum of all transportation cost
for each individual truck considered in a schedule. The overall calculation for this rate
is as follows:

Total Transportation cost = (Loaded Transportation Distance x Uniform Rate) +

(Unloaded Transportation Distance x Uniform Rate)

m n
> > * UniformRate)+
T=1LR=1

Mz

zn: (dy, * UniformRate)  .ooovvvnanrnneenennn (46)
1UR=1

el
1]

e Proportional Transportation cost: This rate is different for each route considered in
transportation scheduling. This rate is based on the travel time taken in each route.
Travel time refers to the value of time spent on transportation, including time devoted
to waiting, accessing vehicles, congestion time and also cognitive time. The cognitive

time, incorporate various qualities of service attributes such as comfort and safety.

The travel time varies and depending on factors such as driver comfort, road conditions,
congestion rate. The driver comfort depends on the availability of facilities along the
considering route. Road conditions refer to the type route considering such as express
way, high way, and non express roads also other adverse geographical conditions that
would affect the selection of the road for transporting LPG. Further more congestion
rate refers to possible traffic and delays that may occur during the transportation. This

factor reflects the peak, off peak, night or day time transportation.
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The proportionate cost factor is specified considering both loaded and unloaded trucks.

For each truck in the system the routes taken by that truck is obtained and the

corresponding proportionate cost is calculated for each truck.

Total Transportation cost = (Loaded Distance travelled* proportionate loaded Rate
+unloaded distance travelled* proportionate unloaded Rate)

m n
3" 3 (d;, *Proportionate Ratey )+
T=1LR=1

i 1=

—_—

n
dy;,. * Proportionate Rate . ) vevvvverniniinenninnnn 47
Ur Ur
UR=1

~3

e Tapering Transportation Cost: The following exponential function is used to obtain
the transportation cost.

Y=aX? (48)

Y is the transportation cost, X is the distance travelled, a is the slop value which

represents the total fixed cost related to the delivery schedule and b is intensity. The

intensity could reflect the convenience factors in using a route in the schedule. Using

this function both loaded and unloaded transportation cost is obtained.

4.7.7 Truck Costs:

In this work, trucks cost as the main resource in LPG transportation is considered. Trucks
are either leased or owned by the company. If a truck was leased then the only cost would
be the leasing charges per truck that the company needs to pay. However, if companies
owned vehicles are used then a transportation service incurs a number of costs. These costs

can be categorised as either fixed or variable costs.

Fixed costs are those costs that are constant over the normal operating period of the carrier
and all other costs are treated as variable. For instance, fixed costs are those associated to
roadway acquisition and maintenance, depot facilities, transport equipment, and
administration related costs. Variable costs usually include costs such as fuel, labour,
equipment maintenance, handling, and pickup and delivery. Costs related to trucks are

considered in two categories, namely trucks’ operation and ownership costs as shown in

Table 4-8.

—
—
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e Vehicle ownership costs: the vehicle depreciation cost is a function of both time and
usage. The vehicle ownership and depreciation can be estimated as a cost per vehicle
mile travelled. Also, other cost factors as part of this category are such as insurance and
financing, registrations and road tax. In this approach these cost are estimated and
converted to a vehicle mile equivalent.

e Operational costs: the vehicle variable costs are mainly considered here such as fuel,
maintenance tires and oil. These cost factors are also calculated based on vehicle mile

equivalent.

Table 4-8 associated truck costs

Category Supper Trucks Mid Sized Trucks Small Sized Trucks
Operation costs Gasoline & Oil 6.5 5.7 4.8
Maintenance 3.7 3.4 3.1
Cents/Miles
( ) Tires 1.4 1.6 9.2
Sub Total 11.6 10.7 171
License & Registrations 1316 885 1012
Finance Charges 410 223 175
ofg:;f::,:if;::ts Depreciation 3648 3355 2871
Road tax 958 812 603
Subtotal 6332 5275 4661

4.7.8 Human Factor Cost

Industrial actions would often affect transportation operations. This is usually caused by
dispute involving handling route assignments to the drivers. An effective route assignment
mechanism could provide a solution preventing any possible delays in delivering raw

materials to bottling plants.

In general selected routes may be disliked by the drivers due to many reasons such as
inconvenience, long distances, adverse geographical conditions, lack of transit facilities and
etc. To incorporate these factors in route selection, Human factor factor is introduced for
each route in the system. This factor is used as an upper limit to suggest the total number of
times that this route may be used in a transportation schedule. Also, this factor could be
used to determine the competitive and none competitive routes. Considering the
competitor’s activities in different local markets the company can introduce incentives for

more activities in different zones. Therefore, this factor could be used to relax or further
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constraint selection of particular routes leading to a particular market of interest. Table 4-9,

illustrates how human factor cost is typically calculated for a transportation schedule.

Table 4-9 Human Factor Cost calculations

|Union Cost (a) 0.17
|Union Intensity (b) 2
Union No. times used in | (1-2)<0
Routes Distance | o ior) | the schedute ) | (¢ | Y =aX?
1 1300 10 8 2 0.00
2 500 20 25 -5 4.25
3 1000 30 30 0 0.00
4 1250 10 10 0 0.00
5 1900 10 10 0 0.00
6 2000 20 25 -5 4.25
7 750 20 26 -6 6.12
8 650 30 25 5 0.00
9 120 10 15 -5 4.25
10 145 10 10 0 0.00
“Total Union Cost 18.87

As shown above, the human factor is obtained per route based on the exponential function.
In this function (X) represents the deviation from human factor per route. Also, factor (a)
represents the human factor cost per violation and (b) is the intensity factor representing the

importance of the human factor route limit.

4.7.9 Work balance cost

A transportation schedule is typically composed of a number of trucks travelling a number
of routes. In a schedule a resource may be under/over utilised based on the route
assignments. To balance the workload amongst the resources fairly and evenly the work

balance cost parameter was used.

This cost parameter is used to measure the resources ideal time and the possible over time.
In this measure, time gap for each truck is calculated. The time gap is the difference
between the trucks available time and the trucks busy time (i.e. travelling time). The
available time is established based on the standard daily working hours and also this metric
includes the expected down time duration of the truck. Usually trucks are expected to be

available 70% of the time in a week period.

A schedule ideal and over time is calculated using the mean squared idle time for the
available resources in the schedule. The following formula is used to calculate the mean

squared idle time for the schedule.
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m, (Available time, — Busy time, )*
Z.., :2( vailable 1me’,n usy time, )
t=1

where — sicmsessmevessrsnsmer (49)

m = number of trucks

After obtaining the mean squared idle time for a schedule this time is multiplied by the
capital cost per time unit. The capital cost here is the summation of labour and truck cost

per hour. These costs factors are provided by the logistics management.

4.8 Mathematical formulation

The considering problem can be categorised as type of classical transportation problem,
originally developed by F.L. Hitchcock [101]. This is one of the combinatorial problems
involving constraints that have been studied. In most cases, it is required to solve the
problem considering more than one decision criterion and therefore giving place to the
multi-objective transportation problem. In general the considering problem can be
described as transportation of LPG as a homogenous product from m sources to n
destinations. The sources are LPG production facilities, refineries or supply points,

characterised by available capacitiesa,, for i =1,..., m. the destinations are consumption

facilities, which are bottling plants, characterised by required levels of demand b 1 forj=1,

2,..., 0. considering o, (k=1,2,...,K) to be the units of LPG product which can be carried

by truck with K different capacities.

A penalty C:k is associated with transportation of a unit of LPG from source i to
destination j by means of the -th conveyance for the p-th decision criterion. In this work,
the decision criterion relates to factors such as transportation cost, delivery time, quantity of

goods delivered and etc.

The aim is to determine the amount of the product x;j to be transported from all sources i

to all destinations j by means of tucks with k capacity so that all P decision criteria are
taken into account in a way satisfactory to decision maker.

In this application, the transportation problem is a multiple objectives of non-linear type.
The non-linearity could be considered both in objective functions and constrains. As there
are measures, which are not proportional to the amount of LPG transported. For example

ﬁ
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applying tapering cost measure to obtain transportation cost represents no proportional
relationship between the cost of the route and the amount transported. This is multi-
objective non-linear transportation problem, which can be mathematically formulated as
follows:
Minimise Z, ZZZCukka’ P=12.P  cereeerseeiseneon (50)
i=1 j=lk=1

The subscript on Z p andC i]z')k denote the Pth penalty criterion. In this approach, all the

objectives are combined into one overall cost function and then the new formulation of the

problem becomes the minimisation of the main cost function by satisfying all the existing

constraint as in the system. The cost for a considering factor also reflects its importance in

relation to the other parameters considered in the objective function formulation. The

following illustrates the mathematical formulation of the cost objects.

1. Transportation Cost (TC): This criterion is related to loaded (LTC) and unloaded
(ULTC) transportation cost. The aim is to minimise these cost factors in generated
schedules. Transportation costs are formulated as follows:

m n

. BTG v  Ghnsevasessas
ZLTC"‘ZZZC:;I{ X ijk (51)
i=1 j=lk= 1
m n
ULTC 3 eeveeeeeeeeeeinnn 52
Zurc = 21 ZME]CU,& X ik (52)
i=1j

2. Truck Cost (TKC): This criterion is to find the proper fleet size for the transferring
quantity X This can be formulated as:

Zixc = zk:ZiCZ}SKX ............... (53)

k=1 i=1 j=1

Where X is the truck used, and TCK is related to individual truck cost, which is based

on the operation and ownership costs for the truck considered.

3. Inventory cost (INVC): This criterion is monitored on daily bases. The aim is to find

the holding (HC) and shortage costs (SC) for each bottling plant (b j) over the planning

time horizon. This objective can be formulated as follows:

TH m n

Zo= 3 BCHCX e (54)

TH=1i=1j=1

#
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Zgc = Z ZZC i' ............... (55)

TH =1i=1 j=1
Where, subscript TH represents time period (¢) in the specified Time Horizon. Also HC
and SC represent holding and shortage inventory costs respectively. The total inventory

cost for the system is the summation of these cost factors.

4. Truck Work balance: This criterion aims to minimise the resource ideal time used

within the schedule.

TravelTimey, _chyk ............... (56)
i=1j=1
(Availabletimey, — TravelTimey, )
Zigel = Z T e (57)
k=1

Where CgT represents the travel time from source i to destination j. Also the Available

time is the total expected truck available time based on trucks schedule and
unscheduled maintenance events. This is a given value for each truck.
5. Service Level (SL): This is used to maximise the service level provided by the system.

This is achieved by minimising the mean unsatisfied service level.

rzn: Max (0,(Target Service level; — Actual Service Level;))

Zs1, = -
i=1

6. Safety Cost (SAFC): This criterion is used to minimise total possible accident rates for

established schedules.
£8Scier, :
i . i=lj=1 - YT e ( )
D
253CHX, SIS
k=li=1 j=1 k=1i=1 j=1

Where, C;kc € represents the Accident frequency, Cé)]gSt distance and C;Z travel time

for each route.

7. Human factor Costs (HFC): This is used to minimise the use of in appropriate routes
in a schedule. Therefore this objective aims to minimise deviation from human factor
factor defined for each considering route in a schedule.
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2 = ZZZ( X — HumanFactorLimit;) — ooeeeeennn (60)

k=1 i=1 j=1
8. Schedule Completion Time (SCT): The completion time is calculated for each
available truck in the schedule (k) and the maximum of all the completion time is the

total schedule completion time.

Trave ITime, = z Z C’ i k ............ (61)

i=l j=1

Zgcr = Max(Trave lTimey) ... (62)

In the above formulation (' ZJZ indicates the travel time for each route taken by truck

(k) and Xijk represents the route taken by truck (k).

9. Environmental Cost (EC): This criterion is based on minimising environmental
pollution based on the transportation schedule. The following demonstrates the general
environmental factors considered in this formulation.

e Air pollution (ECA):
ECAy
VA ZZkZCyk ge oo (63)
i=1 j=1k=1

e Water Pollution (ECW):

ECW 5
Z scw ZZZCUk Xy e (64)
i=1 j=1k=1
e Noise Pollution (ECN):
ECN
VA ZZZCUk Xyp e (65)
i=1 j=1k=1

4.9 Constraints

Constraints are usually classified as equality or inequality relationships. As the equality
may be assumed into the system, therefore the inequality relationships are important to be
considered. In this application constraints are considered as hard and soft constraints. In
general hard constraints refers to those constraints that cannot be violated by any means.
Violation of such constraints results in infeasibility of the found solution. In the other hand
soft constraint refers to those limits that can be violated and does not impact the feasibility

of the solution. Penalty methods are used to justify the violation of the soft constraints.
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Typically, the generated solutions (i.e. schedules) are evaluated using the objective
function, and the feasibility of the solution is confirmed by checking if any hard constraints
are violated. If not the schedule is assigned the fitness value corresponding to the objective
function evaluation. If any hard constraints are violated, the solution is infeasible and thus
has no fitness. In such case the solution are repaired using the repair techniques developed

for this application.

However, in many practical applications such as the current field of investigation are highly
constrained, therefore finding a feasible point is almost as difficult as finding the best
solution. As a result, it is usually desired to get some information out of infeasible
solutions, perhaps by degrading their fitness ranking in relation to the degree of constrain
violation. This is achieved through penalty method. The penalty method applies to the soft
constraints here in this application. In the penalty method, the constraint problem in
optimisation is transformed to an unconstrained problem by associating a cost or penalty
with all constraint violations. This cost is included in the objective function evaluation.
Therefore considering the penalty method the general transportation problem can be

formulated as in the following equation. Where, ﬂp represents the penalty cost for violating

constraints on each objective.

P m n K

Minimise Z,=2 > 3> Ch(X;)+A, i (66)

p=l i=l j=1 k=1
The following sections aim to describe any hard or soft constraints considered here in this

application.

49.1 Completion time cost

e Hard Constraint: In this considering system, schedules are to be completed on
monthly bases. The user can specify the time horizon to establish the schedule within
this limit. The time horizon is considered as a hard constraint, which cannot be violated.

Therefore, schedule completion time must not exceed the specified time horizon.

Max(Trave ITimey ) < Time Horizon ..., (67)
Where k ={L,..., k}, numberofirucks
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Soft Constraints: this allows further restrictions on the completion time. In this
approach the user is allowed to specify a range of time windows or limits that completion
time should stay in. When, these time limits are violated the generated solutions are not
infeasible. In fact in such cases penalties are assigned to increase the cost of the schedule.
In this application the user is prompted to specify time limits and also penalty cost in case
of constraint violation. Table 4-10, demonstrates an example for such time limits and also
penalty cost considered at each level. Here, Comp represents the calculated completion
time and penalty costs are based on overtime-labour charges. Figure 4-55 illustrates the
specified limits graphically.

Table 4-10 constraints on completion time

Completion time Penalty
0<Comp <24 0
24 < Comp <25 36486
25 < Comp £ 26 72971
26 < Comp <27 109457
27 < Comp < 28 145942
29 < Comp <30 182428
30 < Comp <31 218914

160000 1
140000 |
120000 -
100000 -

22 23 24 25 26 Days 27 28 29 30 31

Figure 4-55 Penalty cost on violating the completion time constraints

4.9.2 Environmental cost

Hard Constraint: the user has the option to set lower and upper limits on
environmental cost. However, here the aim is to minimise this cost measure as much as
possible. For this purpose, soft constraint approach is considered here.

Soft Constraint: the user can specify different cost limits that the environmental cost
should stay within these limits. Upon the violation of such limits penalties are assigned

according to the identified cost parameters. Table 4-11, shows an example of soft

_—— e —0a————————————
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constraints on the environmental cost. Also, Figure 4-56 illustrates the non-linear

penalties assigned to schedule cost when these limits are violated.

Table 4-11 Constraints on Environmental costs
Environmental cost

(Env) Penalty
0< Env<500 15.81
500 < Env <1000 38.73
1000 < Env <2000 59.16
2000 < Env <5000 86.60
5000 < Env 111.60
120.00
100.00 |
Z 80.00 f
8
> 60.00
"—é’ |
S 4000 {

20.00 |

0.00 1

250 750 1500 3500 7500 12500
Environment Cost

Figure 4-56 non-linear penalties for environment cost
49.3 Inventory Cost

e Hard Constraints: There are two general conditions to consider in controlling the
inventory costs.

e Demand = supplied quantity: this suggests that total quantity transported to
processing plants is equal to the demand rate at the processing plant.

e Demand <> supplied quantity: This suggests that the total quantity transported to
processing plants could be more or less than the required demands.

The user can choose any of the above options to set the control limits on the inventory
levels. Any violations of these constraints make the solution infeasible and as a result the

solution must be disregarded or repaired to meet the specified inventory condition.

e Soft Constraints: the above conditions can be modelled as soft constraints and
therefore penalties are assigned when conditions are not met. In such cases schedules

encounter higher costs. In this approach irrespective of the above set conditions,

=
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penalties are assigned when the demand level at processing plants are not met. If the
demand at (bj) is not met, then penalty assigned for violating this constraint is
calculated as follows:

(b; —X;;) * Shortage cost, if X, <b,,

v

(X, -b;) *Holding cost, if X, 2b;,

Where, X is the amount of LPG transported from refineries (i) to bottling plants (j), b; is

the demand level at processing plant j.

494 Safety Cost

As described earlier, the safety cost is established based on the historical data available on

the number of accidents on each considering route. In reality there should not be any

tolerance for any accident in transporting LPG to processing plants. This is achieved in the

following ways:

Hard Constraints: The user can specify an upper limit for the safety cost that the
company is budgeting to run the transportation of raw materials to processing plants. In
this way schedules exceeding the specified safety cost are either rejected or repaired to
meet the safety limit.

3> X, < SafetyFactor,  j=1,2,001, e (69)

j=1 =l
Soft Constraints: The user is prompted to specify safety cost limits and corresponding

penalties for violating such limits. The safety cost here is related to fatal injury cost.
Table 4-12 demonstrates some soft constrains on the number of accidents and the

associated penalty costs. Figure 4-57 illustrates safety penalty costs graphically.

Table 4-12 Constraints on the number of accidents

No. Accidents (Acc) Penalty
0< dcc<l 639
l<Acc L2 904
2< Acc <4 1107
d< Acc<6 1429
6<Acc <8 1691

8< Adcc £10 1918
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Figure 4-57 Penalties on the safety cost violations
495 Service Level Cost

e Hard Constraints: usually schedules with very low service levels are ignored. In this
way the user can specify a lower limit on the acceptable service level. Schedules
providing service levels less than the specified value is rejected or repaired to meet the
target service level. Alternatively the user can use penalty methods to assign high
weights to schedules with low service levels.

e Soft Constraints: in this approach the user can specify associated penalties for
different service levels. Schedules having low service levels are penalised
detrimentally. Table 4-13, illustrates a series of constraints on the service level and
associated costs or penalties on these levels. Also, Figure 4-58 demonstrates, how the
associated penalties are declined as the service level increased. The penalty cost is

based on the revenue cost.

Service Level (%) Penalty
0<SL<LI10 16404
10< SL <20 12729
20< SL <30 11267
30<SL <40 10295
40 < SL <50 9577
50 < SL <60 9011
60<SL<70 8544
70 < SL <80 8148
80 < SL <90 7805

Table 4-13 Constraints on Service Level
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16000
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Figure 4-58 Penalties of service level violations

4.9.6 Transportation Cost Formulation

Hard Constraints: There is an upper bound on the total distance travelled. The user
based on the system requirements defines this upper bound. Here, this upper bound is

set to 500,000 km. Schedules with greater value for this parameter is ignored.
m n _k
33D X, 500,000 Km o e (69)
i=1 j=1 k=1
Soft constraints: There are no considerations for soft constraints on distance travelled.
However, the user has the option to define further constraints and corresponding

penalties on this parameter.

4.9.7 Truck Costs:

Hard Constraints: Here the hard constraint is left on the total number of trucks to be
used in a schedule. Here, there is a lower and upper limit set for the available number of
trucks in the system. The user sets these values.

1<Y'3 3 x,, <40 eeeeernreen (70)
k J

=1 i

Soft Constraints: There are no considerations for the soft constraint here. However, the

user can add further constraints on the number of trucks used in schedule.

49.8 Human Factor Cost

The followings are example of hard constraints considered for this model.

Upper Limit on the Human Factor: This could be used as limiting the maximum

number of times that a route can be used in a schedule. In this approach users can

e —————— - ———— ]
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specify an upper limit on the total number of deviations from these factors. Schedules
exceeding such limits are not anymore feasible and therefore they are to be repaired.
Route Combinations: There are situations that specific routes are not to be assigned
one after each other. For instance assigning two consecutive long trips to a driver is
typically not acceptable by either drivers or unions. To this effect this application
allows one to specify these routes. Once a schedule is generated, a check is done to
make sure that the specified route combinations do not exists in the schedule. Existence
of such combinations would lead to infeasibility of the schedule.

Route Matching: In contrast to the above constraints, there may exist cases that unions
may request to travel specific routes one after each other. For example, a very short
tripe must be followed by a moderately long trip. This constraint is provided to allow
the flexibility to model such events. Similar to the above constraint, schedules are check
for matching the specified routes. If a schedule does not hold this matching conditions
then this schedule is repaired.

Soft Constraints: There are no considerations for the soft constraint here. However, the
user can add further constraints on the human factor factor used for each route to limit

route usage within a schedule.

49.9 Work balance cost

Hard Constraints: The followings are a set of hard constraints considered for this
measure.

Trucks Availability: Considering down time and breakdown periods, trucks would be
available for certain duration. The user specifies this availability value. For instance,
considering a week period of 168 hrs, a truck would be available for 70% of this time,
which is 117.6 hrs. Therefore a constraint is set to make sure that the total workloads
assigned to trucks do not exceed this time limit.

"3 T.X, <AvailableTime, —  ................. (71)
- ik
J

k=1 i
Number of operations: operations are deliveries to bottling plants. To balance

workload across resources, numbers of deliveries to bottling plants are to be balanced
between resources. Considering the total number of resources used in a schedule and

the total LPG capacity to be distributed, the possible number of deliveries to be taken
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by each resource is specified. Adhering to these limits would prevent assigning too

much workload to one resource.

m. n 1

!
Z Z Z Xy < % x Total number of Delivery operations
=T " Total Number of Trucks

Where K =1,...,L.

K represents trucks in the model and X, is used to obtain the total number of deliveries

made by truck K. In addition, the user can specify minimum number of delivery operations
that a truck in a schedule must undertake. This is shown as follows:

22,2, Xy 210 e (T3)

=i
Where K =1,...,L.
e Soft Constraints: In this approach, penalty cost is assigned to trucks’ ideal times. In

this way, once a schedule is generated, the ideal time for each resource (i.e. truck) is
obtained. These ideal times are summed and the following non-linear approach was
conducted to assign penalties based on the obtained value. Table 4-14, illustrates a
series of constraints on the trucks’ ideal times and associated costs or penalties on these
values. These penalties are based on ideal time capital cost. Also, Figure 4-59,
demonstrates, how the associated penalties increase as the ideal time deviates from 60

minutes.

Table 4-14 Constraints on Ideal time

Service Level (%) Penalty
0 < IdealTime < 60 0

60 < IdealTime <360 194
360 < IdealTime < 660 274
660 < IdealTime <960 336
960 < IdealTime <1260 388
126 0 < IdealTime <1560 434
1560 < IdealTime <1860 475
1860 < IdealTime <2160 513
2160 < IdealTime 549
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Figure 4-59 Penalties on Ideal time

4.10 Conclusions

The purpose of this chapter was to demonstrate the design concepts and the development of
the Search Engine module. The related issues in designing this module including the basic
architectural requirements, the main design components of the search engine and their
functionalities were described in detail. Also in this regard, the process involved and
functions developed to facilitate Genetic algorithm and Pareto Optimal search were

described in detail.

In addition, different cost parameters reflecting the main considering objectives in
managing the logistics activities were presented. To this effect the objective function
formulation used to evaluate the fitness of the generated schedules was described. Also, the
considering system constraints impacting the feasibility of the generated solutions were

explained.

Using this application the constraints could be modelled as either hard or soft constraints.
The hard constraints impact the feasibility of the generated solutions. Upon the violations
of such constraints the repair techniques are used to address the feasibility of the generated

solutions.
The soft constraints do not violate the feasibility of the generated solutions. The penalty

method was considered to allow soft constraint violation. The penalty method adds further

cost to the schedule cost generated. In this way the solution space is extended to include the
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relative non-feasible regions into the solution space. Some of the main points drawn from

this chapter are as follows:

e The chromosomes are encoded to represent a complete monthly schedule for
transporting LPG from refineries to processing plants in different localities.

e The main parameters considered in encoding chromosomes are such as trucks, routes
and start times. These decision variables are randomly chosen from their respective
decision spaces. This method of coding is known as phenotypic. Some of the
components of genetic search algorithms developed here are:

0 The fitness of the chromosomes in this application is based on nine different
objective functions.

0 The objective functions considered here are subject to real system constraints.

0 This application was designed to handle linear and non-linearity’s relationship exists
within both objective functions and constraints.

0 Three scaling methods were introduced to prevent any possible premature
convergence. These are such as 0-1 scaling, linear scaling and ranked linear scaling.

0 The selection method developed is based on roulette wheel and tournament selection
principles.

0 The main crossover techniques developed here are based on single point fixed length
and variable length methods and also partially mapped uniform crossover method.

0 The mutation methods are based on classic and inversion principles.

0 Finally, the replacement methodology used is based on Elitism concepts.

The developed search engine incorporated unique features providing a better flexibility in
modelling logistics systems. It extensively works in combination with Microsoft SQL
server database, to transfer, record and retrieve data. This module could be used as either a
stand-alone tool or in conjunction with simulation applications. It allows multi-criteria
optimisation. Also, it considers linear and non-linear relationships in terms of system
objectives and constraints. It further provides incorporation of different constraints from the
real system. This application facilitates a better approach on route selection, environment al
factors, safety, inventory level, and human factor consideration, which are typically
neglected in VRSP decision-makings. However, further dynamic, stochastic behaviours and

other complex relationship exist in the system are captured using simulation modelling

#
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techniques. The simulation module is the second component of the proposed DSS. The
following chapter intends to establish an understanding of this technique and how it could

be used for this propose.
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#

5.1 Introduction

Based on the architectural design of the decision support system presented in chapter four,
the search engine composed of genetic algorithm, which is used to provide a set of optimal
transportation schedules. These schedules are generated having satisfied the objective
functions and constraints considered for the system. The second module of the proposed
architecture is a simulation engine. In general simulation model is used to captures dynamic
and stochastic behaviours of the system, the complex relationship between supply sources,
transportation and demand centres. It also allows modelling uncertainties resulting from
resource availability, inventory levels and customer demand patterns. The aim of this
module is to evaluate the generated optimum schedules from the Genetic search engine
before implementing any schedule. In this way, this module is to maintain better credibility
and confidence on generated schedules and also provide valuable insight into the VRS

problem.

The primary aim of this chapter is to introduce the concept of simulation modelling and it
advantages and disadvantages. Furthermore, the particular application of simulation
modelling within logistics and supply chain management are studied. In addition the
application of simulation and optimisation are reviewed. This chapter is continued on
representing simulation tool and their classifications, software selection features and in
particular features for witness simulation tool is described. Finally, alternative approaches

to simulation modelling are presented.

52 Computer Simulation

Simulation is an indispensable problem solving methodology, which has been applied to a
wide range of disciplines assisting decision making in planning, design and control of
complex systems. [120] indicates that simulation involves the modelling of a process or
system in such a way that the model mimics the response of the actual system to events that
take place over time. In its broadest sense, simulation model involves process of designing
a model of a real system and conducting experiments with this model for the purpose of
understanding ~ various  strategies for the operation of the  system.

ﬁ
_ 144 -



Chapter 5: Simulation Modelling

This approach is used to construct theories or hypothesis to justify the observed system’s
behaviours. In this way the simulation model could be used to predict future behaviour of a

system based on the changes conducted in the model.

Simulation models can be classified along three separate dimensions static vs. dynamic
models, deterministic vs. stochastic models and continuous vs. discrete event model [121].
A static model is a representation of a system at a particular time. In this model time does
not play any role. Dynamic models, on the other hand, represent the system as it evolves

over time.

Deterministic models do not contain any probabilistic components. The outputs of these
models are usually specified once the set of input quantities and relationships in the model
are specified. However, stochastic simulation models are models that include some random
input components. As a result of random inputs to the model the output of the model will
be random as well. The random output of the model must be treated as only an estimate of
the true characteristic of the model. Good experimental design techniques are requirement

to analyse model outputs.

A continuous simulation model is a system representation over time. The rate of change of
the state variables with respect to time are typically based on ordinary or partial differential
equations with time as an independent variable. State events, unlike time events, are not
scheduled to occur but they occur when a continuous variable reaches a predetermined
level. Continuous simulation model can be either deterministic or stochastic, as it is

possible to incorporate random events that depend on time, into differential equations.

A discrete model assumes that the state of the system changes only at specific times, which
are often refereed to as events and that the state of the system is unchanged between these
events. These models are represented by time events. When an event occurs, the simulation
model determines the effect of the event on the state variables. These models may be either
deterministic or stochastic models. Discrete event simulation is less detailed than
continuous simulation but it is much simpler to implement and hence is used in a wide

variety of situations.

#
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There are also other ways to distinguish different types of model. Real time simulation is
used when the simulation must be interfaced to real hardware or software to a human. This

type of models could be used to test hardware or embedded software.

Distributed simulation modelling has gained a lot of interest in recent years. In this
approach simulation programs executing on different computing platform interact with each
other over a network. This can offer a convenient way to combine several software to form
more complex simulations. The emphasis in distributed simulation is often on the reuse

ability and interoperability of models.

Application areas for simulation are numerous such as designing and analysing
manufacturing systems, reengineering of business process, determining ordering policies
for an inventory system and etc. In general simulation is widely used in operation research
and management science techniques. [121] reported that simulation was consistently ranked
as one of the three most important operation research techniques. Also, [122] in his analysis
of 1249 papers found that simulation was the second mostly used approach among 13

techniques considered.

In a simulation study, human decision making is required at all stages, namely model
development, experiment design, output analysis, conclusion formulation, and making
decisions to alter the system under study. The only stage, where human intervention is not
required is the running of the simulations, which most simulation software packaged
performs efficiently. The absence of powerful simulation software can hurt a simulation
study but its presence will not ensure success. However, Experienced problem formulators

and simulation modellers and analysis are indispensable for a successful simulation study.

5.3 Problem suitable for simulation modelling and analysis

In general, whenever there is a need to model and analyse randomness in a system,
simulation modelling is the tool of choice. More specifically, situations in which simulation
modelling and analysis is used include the following [123]:

e Itis impossible or extremely expensive to observe certain processes in the real world.
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e Problems in which mathematical model can be formulated but analytic solutions are
either impossible or too complicated.
e It is impossible or extremely expensive to validate the mathematical model describing

the system due to insufficient data.

In general, simulation modelling is mostly the chosen methodology in many cases due to
the sheer complexity of the systems of interest and of the models to represent them in a
valid way. As mentioned earlier, the application of simulation abounds in many areas,
however the most recent growth in simulation applications has been in the manufacturing
area. Almost all major manufacturing process designs currently benefit from some sort of
simulation analysis of the process designs. Appendix D provides some points on the

advantages and disadvantages of this approach.

5.4 Simulation application in logistics management
The logistics and transportation systems utilise many resources usually classified as direct
and indirect resources. The direct resources are used in the physical transportation of freight
or goods from one geographical location to another, and indirect resources involved in
sorting and consolidating at the various transit locations. The deployments of these
resources are to ensure the least amount of delays at terminal, maximum availability and
utilisation of resources and on time pickup and delivery of goods. These are some of the
challenges that managements are facing in managing the logistics network in an efficient
manner for a smooth and balanced operation. A critical role of logistics management is how
to make an optimisation decision under an uncertain and noisy information environment.
Based on the studies conducted in [124] the logistics management as one of the critical
problems that need to be addressed for all efforts in manufacturing. Also [70] argues the
complexity of logistics management in the following three main categories:
e Structure properties: this is related to the infrastructure in the context of logistics, and
covers physical as well as information and communicational structures.
o The dynamic property: this is related to the processes performed on the network, i.e.
the flow of goods, money and information within the structure and hence the dynamics

in these processes.
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e The property of adaptation: this is related to the organisation and the decision
making, the management of the structure and the dynamics, in order to realise the

process of satisfying customer demands in an effective way.

Therefore to assist the management in wiser decision-making, both simulation and
optimisation heuristic models are needed to meet the challenges of the transportation and
logistics/supply chain problems. [69] divide the logistics problems that are appropriate for

simulation studies into three major categories:

e New design,
e Evaluation of Alternative Designs,

e Refinement and redesign of Existing Operations,

The optimisation and heuristic approaches are mainly used in addressing problem areas
falling under the new design category. However, simulation could be used to verify and
validate the optimised new design. Also, manufacturing capabilities, production processes,
layout arrangements, resource configurations, alternative strategies and operations run rules

can be more dynamically reconfigured according to simulation analysis.

Also, [125] stress the importance of the use of simulation as a critical decision support in
the development and improvement of management and logistics within SME sector. They
further purpose a new framework for creating policies for lean simulation. The principal
benefit of this approach is lead-time reduction, faster attainment of simulation results,

reduced cost in simulation development.

Also, [69] proposed a Complex Adaptive System (CAS) as a result of the need for manager
to be able to adapt to ever-changing demands of their environment and customer demands.
The CAS approach is applied by the use of agent based method and simulation modelling.
This approach allows global as well as local behaviours to be analysed and evaluated.
Therefore, validation and verification any system being modelled can be made for each

agent on micro level.
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Furthermore, [126] purposed an integrated framework allowing the logistics and
manufacturing activities to be integrated to provide a facility for effective design, analysis

and optimisation of integrated logistics chains.

Today, many commercial software packages are being employed by the logistics industries
depending upon the level of complexity and size of the problem investigated. These
software packages range from standard Linear programming packages such as LINDO,
CPLEX, OSL to special purpose software such as INSIGHT, SUPERSPIN, and CAPS tool
kit. With respect to commercial simulation software, a large number of vendors provide
packages that focus on modelling and analysis of simple material handling systems to

complex flow-through centres and transportation networks.

5.5 Simulation application in Supply chain management

Supply chain problems are often very large and complex. Some of the contributing factors
to this complexity are such as the interactions between the entities, the length of the supply
chain, the lead times of manufacturing and shipping, the complexities of modelling the
individual entities and the stochastic nature of the demands. Because of these complexities,
very few analytical models exist addressing only simplified versions of the problem, which

often are based on limiting assumptions.

The use of simulation as a means for understanding issues of organisational decision-
making has gained considerable attention and momentum in recent years. Several
researchers [125, 126, 127] agree that simulation provides a much more flexible means to
model dynamic and complex networks. Based on [130] “simulation is one of the best
means for analysing supply chains because of its capability for handling variability. Also,
the ability of simulation to capture the dynamic behaviours of systems makes it a reliable

method for studying the performance of the supply chain network

Also, [131] provided an extensive study on the application of simulation within the supply
chain management. They specify that the main scope and objective of simulation within the

SCM is to support network supply chain design and supply chain strategic decision support.

ey
#
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The design of supply chain network as an integrated network with several tiers of supplies
is a difficult task. Simulation can be used as a decision support system within the design
phase involving facility location, logistics, production capacity, network and production
nodes. There are many approached to tackle this challenge for instance [132] has developed
a hybrid simulation optimisation approach to address the supply chain configuration design

problem.

Also simulation can be used for node localisation, which involves placing a supply chain
node in a determined geographic site. In [133] a simulation model was conceived in order
to identify the right geographic disposition for distribution centres, aiming to minimise

transport costs through the use of proper cost functions.

In addition, simulation is applied over a supply chain to evaluate more strategic alternatives
as strategies based on quick response, collaborative planning and forecasting or outsourcing
to third parties. [134] designed and developed an object oriented supply chain simulation
framework to facilitate the dynamic analysis of supply chain system. In [135] simulation
was applied on a DimerChrysle Corporation’s vehicle logistics network from assembly
plants to dealers across North America to reduce the order-to-delivery times by increasing

network efficiencies across the distribution chain.

Some of the mostly used application of simulation within SCM can be categorised as

follows [131]:

e Demand and sales planning: simulation processes dealing with stochastic demand
generation and forecasting planning definition. [126] used simulation techniques to
evaluate the effects of various supply chain strategies on demand amplification. [128]
used SCGuru to evaluate the impact of demand and transportation variations on the
supply chain.

e Supply chain planning: simulation processes supporting raw material sourcing,
production planning and distribution resources allocation, under supply and capacity
constraints. [127] utilised a simulation to study the effect of sharing suppliers available
to promise information. Also [129] developed a simulation based genetic procedure to

determine optimal setting for controllable inputs (i.e. sourcing) to the supply chain. To

ﬁ
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support supply chain planning [136] proposed an object oriented, scaleable simulation
based control architecture. The control refers to automatic triggering of value chain
interactions such as request for quotes (RFQs), Purchase Orders (POs), transhipment
and resource allocation decisions in the ERP/MRP systems, real-time, based on the
conditions perceived in any partner in a value chain.

o Inventory planning: simulation process supporting multi-inventory planning: the
commercial simulation tool programmed by Promodel, SCGuru, proposes a specific
module for inventory management and optimisation [137]. IBM [138] used Asset
Management Tool (AMT) to achieve quick responsiveness to its customers with
minimal inventory. [139] used Simulation Dynamics’ Supply chain builder to study the
best strategies for allocating inventory to distribution centres in a nationwide food
production and distribution network.

e Distribution and transportation planning: simulation of distribution centres, sites
localisation and transport planning, in terms of resources, times and costs; it is one of
the most recurrent simulation processes reported in literature: for example, IBM Supply
Chain Analyser (SCA) has two separated modules (distribution and transportation
planning) to simulate distribution centres, transport type and relative management
processes (material handling, loading and unloading) [27]. Also [140] developed a
stochastic, discrete simulation model of bulk transportation to show the impact of
transportation logistics on production performance.

e Production Planning and scheduling: Supply chain scheduling plays and important
role as indicated in [24]. Poor planning may lead to system instability that could highly
impact the ability of the supply chain to satisfy its customer demands. The decision to
be taken is defined in most cases based on time frame. Manufacturing planning is
implemented by simulation models and tools, which integrate different model layers,
from single production lines to entire factory and to the whole logistics chain.

o SDI Industry Pro [142] is one of the most important examples of manufacturing

planning implementation; SDI is a simulation tool specifically developed for logistics
chains, which allows the development of models from single production machines to

more complex distribution centres.
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o Naravanan et al. [143] developed an object oriented model consisting of; basic
simulation, inventory control, Shop floor, suppliers. This model was developed to assist
in enhancing the performance of the supply chain production planning system.

o Furthermore [24] proposed a supply chain scheduling approach using a distributed
parallel simulation. Supply chain scheduling can improve the company’s performance
when its activities and resources are costly and sensitive to errors and the involved

partners require intensive co-ordinations.

Based on literatures simulation technology used in addressing SCM issues can be identified

in following categories [131]:

e Local simulation paradigm: these are specific commercial simulation tools and
general-purpose simulation tools or languages. The commercial tools are those
packages developed for simulation purposes within a supply chain context such as SDI
Industry Pro, IBM SCA, SCGru in, LOCOMOTIVE, Supply Solver and SIMFLEX ™.
Also, Arena, Create!, CPLEX, ModSim and STROBOSCOPE [127] are general-
purpose simulation tools or languages.

e Parallel and distributed simulation paradigm: Typical examples for such tools are

such as; CMB-DIST, MPI-ASP, GRIDS, HLA, and DEVS/CORBA.

5.6 Simulation and Optimisation
The optimisation of simulation models deals with the situation in which the analyst would
like to find which of possibly many sets of model specifications (input parameters) lead to

optimal performance.

Generally, the input parameters are known as factors and the output performance measures
are called responses. In a typical experimental design the aim would be to find out which
factors have the greatest effect on a response. However, optimisation seeks the combination
of factor levels that minimises or maximises a response subject to the constraints imposed
on factors or responses. In the context of simulation optimisation, the simulation model can

be considered as a function that evaluates a set of input factors by turning them into output

_—— -
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performance measures. According to [129] using simulation in the optimisation process

presents a number of challenges:

e In this approach, there is no analytical expression of the objective function, which
eliminates differentiations or exact calculation of local gradients.

e The stochastic nature of the simulation results in problems as given a set of
deterministic decision variables; the performance measure is not deterministic but rather
is represented by a probability distribution.

e Simulation programs are typically computationally more expensive to evaluate than

analytical functions.

Also [144] identifies four main classical approaches for optimising simulations such as:
stochastic approximation, response surface methodology, random search and sample path
optimisation. However [145] suggests while these approaches account for most of the
literature in simulation optimisation, they have not been used to develop optimisation for
simulation software. [146] justifies this lack of practical commercial implementations as
mainly due to the current simulation optimisation methods generally require a considerable
amount of technical sophistication on the part of the user, and they often require a

substantial amount of computer time.

Alternatively, a number of researchers [147] suggest the use of Metamodels as filters with
goal of screening out solutions that are predicted to be inferior to the current best known
solution could help to reduce computation time. This is the approach taken here in this
work. The GA search engine provides a pool of competitive generated solutions and then

the simulation model is used to further evaluate the solutions.

5.7 Simulation Tools:

Manufacturing simulation models can be developed using both general purpose and
manufacturing focused tools. However, depending on the complexity of the system being
modelled, manufacturing focused tools can significantly simplify and quicken the
modelling process. [148] classified simulation languages at three different levels on the
basis of the type of system being modelled. Appendix D provides description of this

classification.
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There are many different manufacturing oriented simulation packages on the market and
each has its strengths and weaknesses. In selecting the appropriate simulation software for
and application, there a number of metrics that could be used to evaluations such as [123]:
Modelling flexibility; Ease of use; Modelling structure (hierarchical vs. flat, object oriented
vs. nested); Code reusability; Graphic user interface; animation, dynamic business graphics;
hardware and software requirements and finally statistical capabilities, output reports and

graphical plots, customer support, and documentations.

Some packages focus on ease of use and compromise flexibility, while others focus on
flexibility and are more difficult to use. Because most manufacturing systems have some
unique intricacy, the best packages allow the user to combine easy to use constructs with
more flexible, lower level constructs. In this application Witness Simulation software was
used to develop models from considering supply chains. The following section briefly

describes this modelling tool.

571 WITNESS Simulation Software

Witness is a comprehensive discrete event and continuous process simulator. Witness
allows one to rapidly, incrementally and accurately build, debug, validate, verify and
exercise complex models. Witness provides a number of features helping to reduce model-
building time these are such as: The use of colour coded status icons for each element, It
provides partial or complete usage of a built model, It provides a user defined library
(designer elements), Graphical interface, Pre-defined input/output rules and Built in error
checking facility. In addition, modelling accuracy is supported through the creation of an
action language, a host of system and user-defined functions, user interactivity and object

linking and embedding (OLEII).

5.7.1.1 Building A WITNESS MODEL:

Figure 5-1, shows the model development interface of the Witness simulation tool. In
general, Witness models are built in three steps such as define the elements to be included

in the model, display the necessary elements and finally detail the elements.
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Figure 5-1 Witness Model development interface

¢ Define Model Element: To construct a simulation model, the user must first specify
the type of elements to be used within a model. The user could use the define mode
through a menu bar or select the element type to be defined, and provide a name and

quantity required for the element. Witness elements fall into 3 categories:

e Physical: WITNESS provides elements that represent tangible objects. The physical

elements are categorised as follows:

o Elements that move through the model, being processed (parts and fluids).

o Elements that transport parts and fluids (conveyors, track, vehicles, carriers, paths
and pipes).

o Elements that store parts and fluids (buffers and tanks).

e Logical: These elements provide the modeller a greater control over execution of the
model. Logical elements include: Elements that represent shift patterns (shifts),
Elements that provide statistical variation (distributions), Elements that provide a
source of data outside the model (files), Elements that are referenced in the model’s

control logic (variables, attributes and functions).

J—————————— e ———————
#
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e Reporting: This allows the user to select information to be graphically displayed while

the model is running. The element used for this purpose are such as histograms, pie

charts, time series.

Displaying Model Element: Elements are displayed either from the display option
from the menu bar or by bringing up the display form for that element as shown in
Figure 5-2. Once an element is selected, a sub-menu specific to the element type is
presented to place the chosen item accordingly. Also, the user is provided with an

option to an individual or group of elements to a new position.
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Figure 5-2 Display menu option | '
Detailing Model Elements: each element type has specific detail form as shown in
Figure 5-3. This involves entering details such cycle times, setup conditions, capacities
and etc. this option can be accessed either from menu bar or from the element itself.
Detailing the element include the use of Witness Input/Output rules and Action
Language. Witness provides a set of predefined rules for pushing or pulling
parts/entities through the model. At a basic level, elements such as machines/activities
would either pull from within the input rule editor or push from within the output rule
editor. Also, IF/Elseif logic or user defined functions may be employed to move the
parts/entities. Witness also provides with a construct known as the Action Language.
This construct allows the modeller more flexibility in describing elements behaviours.
Syntaxes such as FOR/NEXR and WHILE/END within this construct allow the user a

greater control over model creation.
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Figure 5-3 Detail Menu option for a buffer element

The reader is asked to refer to Appendix D for further descriptions on Witness simulation

tool and its features.

5.8 Alternative Approaches to simulation Modelling
The recent advancements in computer technology have provided researchers with enabling
levers to address complexities with applying simulation modelling. The following section

briefly covers some of these techniques.

5.8.1 Object Oriented Simulation Modelling

Object Oriented Programming (OOP) concept could help us greatly to comprehend and
manage the complexity of the system. For a design to be object oriented, it must have the

following characteristics:

e Abstractions: An abstraction denotes the essential characteristics of an object that
distinguishes it from all other kinds of object [149]. Abstraction allows focussing on
those properties of the object that are relevant to the problem and ignoring the irrelevant
properties.

o Encapsulation: This involves hiding all of the details of an object that do not contribute

to its essential characteristics.
e Modularity: This is grouping logically related abstraction into modules. This is the
property of a system that has been decomposed into a set of cohesive and loosely

coupled modules.

#
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e Hierarchy: this is ranking and reordering of abstractions. Hierarchy is about organising

related objected in terms of their hierarchical relationships to each other.

A number of researchers [149] suggest that the use of OOP design and modelling would
greatly assist in enhancing flexibility, portability, understand ability and maintainability in

simulation modelling.

5.8.2 The Parallel, Distributed and Web based Simulation Modelling

Distributed Discrete Event Simulation (DDES) refers to the execution of a single discrete
event simulation program on a parallel computer. In this method the considering system is
viewed as being composed of a number of Physical Processes (PS) that interact at various
points during the simulation run. The interaction between PS is performed by exchanging
event messages. As there may be relations between events, therefore sequence of event
occurrence is of paramount importance. There are two major classical approaches to control

the sequencing of event occurrences known as conservative and optimistic approaches.

The conservative approach prohibits any concurrent execution of events, where as
optimistic method uses detection and recovery approaches. In the latter method, the errors
are detected and a Rollback mechanism is used to recover. The Time-Wrap mechanism is

the most well known optimistic approach.

The modem logistics introduces a very complex reality that requires a high level of
coordination among many different entities such as sites, operators and etc. [150] proposed
and developed distributed simulation approach to model the complexity of the modern

logistics systems.

The developments in the Internet and World Wide Web (WWW) have also offered a
significant potential in overcoming the hardware and software problems with the interactive
simulation methodology. [151] described a Java-Based Architecture for developing

Interactive Simulations on the Web.
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5.8.3 Agent Based Simulation Modelling

Agent based modelling and simulation (ABMS) is relatively a new approach that has found

application in many different fields. In this approach a simulation experiment is constructed

around a set of agents that interact with each other and their underlying environments to

capture the real-world behaviours. The agents represent the following characteristics [152]:

e Autonomy: Agents operates without any direct intervention to control their actions and
internal states,

e Reactivity: Agents perceive their environments and respond to changes respectively,

e Pro-activity: Agents may not only react but can depict a behaviour to fulfil their own
goals,

o Social Ability: Agents interact with other agents and/or human beings either using

explicit or implicit communication.

In addition, [153] reported the use of an ABMS technology to model, design and simulation
global distributed supply chains. They suggested ABMS provided a short model
development time with reduced human resources. Also, they agree that ABMS provides a
powerful approach to life cycle support of the supply chain information architectures. Also,
[108] described the development of ABMS for assisting in decision-making regarding

supply chain management. In addition [155] used ABMS in logistics management

The ABMS characteristics provide researchers with a better ability to explore dynamic
behaviours of a system, which cannot be obtained, based on any analytical or mathematical

methods at the system level.

5.9 Conclusions

Simulation can be used as an evaluation tool, providing for the collection and evaluation of
quantitative system performance measures. It can also be used as an analysis tool in
experiments examining alternative designs and operating strategies on system performance.
However simulation as an experimental tool does not solve a problem or optimise a design.
It supports in evaluating a solution and provides understanding of problematic areas rather
than generating a solution. An optimum solution can only be obtained through

experimentation by running and comparing the results of alternative solutions.

#
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The logistics management is perceived as a complex task due to it structure such as
physical, information and communication. Also due to its dynamic property related to the
flow of goods, money and information within the system and finally due to continues
customisation to meet customer demands. Also some of the contributing factors to the
complexity of supply chain management are due to factors such as the interactions between
the entities, the length of the supply chain, the lead times of manufacturing and shipping,

the stochastic nature of the demands.

To assist managers in wiser decision-making, both simulation and optimisation heuristics
are needed to meet the challenges of the transportation and logistics/supply chain problems.
Simulation modelling provides a more flexible means to model dynamic and complex
networks. It captures systems’ variability and dynamic behaviours of the systems more
efficiently. Integration of this tool with optimisation tool could lead to search for optimal

performance.

In the context of simulation optimisation, the simulation model can be considered as a
function that evaluates a set of input factors by turning them into output performance
measures. The potential benefit in using optimisation simulation integration is the reduction
of computation time and technical sophistications. The proposed DSS architecture supports
this principle. To this effect the following chapter aims to describe how a simulation model
was developed from the considering supply chain. This is the second module of the

proposed DSS.
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6.1 Introduction to Managing the Supply Chain

In manufacturing, the supply chain is the linkage for the physical movement of all materials
from suppliers, through transformation, and then as finished goods for the customer. In
service, the supply chain is distribution, where the start point is the finished product that
has to be delivered to the client in a timely manner. The purpose of this chapter is first to
describe different components of the considering SME in terms of common supply chain
principles. This is followed, by illustrating how a simulation model was developed for this
system. For this reason different component of this model are described and it is shown
how different logics and specific details are modelled. Furthermore, the model verification
and validation process are presented. The principal aim in developing this simulation model
is to provide an evaluation tool to further analyse and evaluate the generated near optimum
transportation schedule from the genetic search engine module. This module is aimed to
provide higher credibility for transportation schedules and therefore assisting the decision

makers.

6.2 Activity in supply-chain management

Management of supply chain involves rigorous attention to quality, cost and lead or
delivery times. It implies teamwork, cooperation and effective coordination throughout the
entire organisation. Some key management activities include: Site selection, forecasting,
and development of an operations plan, raw material management and purchasing,
distribution requirements. Appendix E, describes the considering supply chain based on
these activities. The reader may refer to this appendix for familiarity with supply chain

concepts used to describe this system.

6.3 Steps of a simulation project

When conducting a simulation study, it is recommend that a structured systematic approach
to be carefully planned and rigidly adhere to. The “40-20-40” rule is a widely quoted rule in
simulation studies [156]. The rule states that in developing a model, an analyst should

divide the time as follows:
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e 40% to problem definition, project planning, system definition, conceptual model
formulation, preliminary experiment design and input data preparation.

e 20% to model translation, and

e 40% to model validation and verification, final experimental design, experimentation,

analysis and interpretation, and implementation and documentation.

6.3.1 Data collection and Preparation

This study is mainly concentrating on addressing vehicle routing and scheduling to reduce
the transportation cost. This could greatly impact the factory performance as discussed in
Appendix E. Once the fleet routing and scheduling had been identified, as the area on
which the study should concentrate, and the preliminary objectives for the study had been
determined, the next step was to gain familiarity with system. This was conducted in

different ways as follows:

¢ Discussing the system with Logistics managers, Bottling plat operator, supervisors and
managers. Also, different ideas were exchanged with truck derivers as the main
resources in LPG transportation.

o Identifying the key sections in the supply chain and gaining knowledge about how they
operate and interact with each other.

o Identifying the LPG Inventory management methods, customer service level and
selection of distribution channels.

e Discussing delivery scheduling and vehicle routing.

e Identifying personnel who have knowledge of, or access to key information.

e Documentation of all information gained for further reference.

After an acceptable degree of familiarity with the system had been achieved, the next step
was to collect and document all the data need for establishing a successful construction of a
computer simulation model of the system. Information were mainly obtained from such
sources as personnel, the quality documentation, vehicle routing and scheduling sheets,
industrial engineering records, daily LPG production reports and machine maintenance
records. This process was proved to be a time consuming, requiring six months to complete

fully.
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As the simulation model was developed to evaluate the impact of vehicle routing and
scheduling on the LPG supply chain, the main issues tackled in developing this model was

as follows:

First to determine systems operational constraints at different levels such as supply ports,
transportation fleets, processing plants and clients. The existing operation constraints in the
real system highly influence the manager’s decisions on performing routing and scheduling

for distribution activities within the supply chain.

The second issue to be tackled was to identify those processes within each level that could
be influenced or could affect the vehicle routing and scheduling. To this effect the main
operation rules were studied at each level. This process involved analysing information
from the industrial engineering department, to identify how to model cycle times for each
operation (i.e. filling, queuing, inspection, delivery rate, demand patterns and etc.) within
the considering level. This process firstly, reviled that the complexity in modelling this
supply chain is mainly due to variability of availability concerning, manpower, vehicles,
environment, and other factors. Secondly due to the low degree of automation at supply
ports, transportation and bottling plant, there exists a high variability in the system, which

results in a great degree of uncertainty in vehicle routing and scheduling decision-making.

In some cases involving automated machine operations, the standard times were used to
model the machine operations. In other cases representing high variability’s such as
transportation times and customer arrivals data were collected and information on
production histories, breakdown and repair histories, set-up histories, delivery and demand

patterns were analysed.

6.3.2 Model Development

After, the initial data collection and preparation, the model development process was
started. This attempt was soon discarded, as it was found that not enough was known about
the system in order to develop a simulation model of it. This attempt helped to identify
more precisely the type of data and knowledge required for the model development and the

formats that the data should be in.
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When the data collection was completed, it was decided that enough knowledge had been
accumulated about the system and therefore, the model development was restarted. The
simulation model developed based on operations performed in LPG supply ports,
Transportation fleets, Bottling plants and client demands. These levels are described in the

following subsections.

6.4 Simulation Modelling Of The Supply Nodes
The LPG is supplied from refineries dispersed in different geographical localities. Each

refinery in the system has a specific supply capacity that could be offered to the companies.
The refineries work on 2 shifts to supply the customers with LPG all the time. However,
there are always uncertainties in supplying the required amounts due to many factors such
as breakdowns, overhauls, and industrial actions and so on so forts. As shown in Figure

6-1, to model the refineries a number of objects were used, which are described as follows:

ST ABALAN

i -
UnLoadingSTme

LG Abatan

Figure 6-1 Modelling Refineries in Witness simulation environment

e LPG: To model LPG in the simulation model, the fluid object was used from the
object library. A fluid is a continuous element that could be used to represent liquids that
flow between processors, pipes, and tanks. Fluids could change type or colour as they pass
through processors, tanks and pipes. In this simulation model there are five main types of
fluids used to represent LPG produced by different refineries. Every type is used within a
refinery. Each type has its own fluid colour. This is done to distinguish the source of supply
of the LPG in the simulation model. There is also, a dummy fluid type called LPG to set the

initial fluid type for the bottling plants' reservoirs.
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Figure 6-2 the main types of LPG fluid in the model
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e LPG Reservoirs: The reservoirs are mainly represented by Tank object from the
library. The main parameter of this object to be adjusted is the tank's capacity, which
suggests the total volume of LPG that could be supplied to the customers. The following
table suggests a monthly supply of LPG available from each refinery in the system. As

illustrated in Table 6-1, the suggested volumes are subject to changes due to seasonal
factors.

Table 6-1, the LPG supply pattern from refineries in the year 2003 (Tones

0
fy Ay Octobe ove e Decemb

600 600 600 600 350 350 200 200 200 350 600 600

430 495 683 568 651 1871 1964 1938 200 651 6686 250

900 900 500 996 944 881 881 881 3] 907 908 900

3844 3386 3864 21 2759 2434 2305 2325 2758 2576 2492 3720

600 600 800 600 600 600 600 600 604 530 600 GO0

----- 367 367 367 367 367 367 367 367 367 367 367 367
Aba 1973 1842 1666 2074 2191 859 1047 1053 1654 2159 2097 1977

8514 8200 8500 8126 7862 7362 7364 7364 7364 7600 7750 8414

To find the best fit to describe monthly supply provided from each refinery, a study was
conducted to collect historical data for the last 10 years. These data are presented in
Appendix F. The best distributions to fit the available data are obtained to be used in the

simulation model.

Using the Tank object, one must specify the initial fluid type and initial volume of the fluid
to be used within this object as illustrated in Figure 6-3. It is assumed that the capacity of
the tank and its initial volume are set to the monthly-allocated LPG supply for each
refinery. As mentioned earlier, the statistical distributions are used in the simulation model
to specify the LPG capacity provided on monthly basis by the refineries in the system.

These volumes are to be used within a month period.
e
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Figure 6-3 Tank object detail property page

e Refinery's Trucks inlet: Upon the arrival of trucks into the refiners, they are queued

in a waiting area for loading LPG. This is simply presented by a buffer object in the

#
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simulation model. Based on the available historical data provided the minimum and
maximum waiting times were obtained for each refinery. Table 6-2, represents these

waiting times in minutes.

The buffer behaves as a delay buffer for trucks that have been waiting for the minimum
time, and as a dwell buffer for trucks that have been in the buffer longer than the maximum
time. The minimum and maximum time are both calculated from the time trucks enter a
buffer. The capacity of this waiting area does not leave any constraints on the overall LPG

loading operations. Therefore the capacity of this buffer is set to a large possible number.

Table 6-2 Average monthly minimum and maximum waiting times in minutes for refineries

January February March

Refineries
Min Min Max Max

Abadan

Arak

Bandar Abas

=T EE

Tehran

September November December

Refineries
Min Max Min Max Min Max

Abadan

Arak

Bandar Abas

Esfahan

Tehran

e LPG Loading Operation: Loading the supper trucks are carried out using a single
machine object. The trucks are loaded one at a time. The loading time is established based
on the historical data provided. The triangular distribution was used to model this time as
indicated in Table 6-3. The loading operation would take place during the shift hours;

otherwise, the truck must wait in the buffer before, being processed.

Table 6-3 loading time in minutes

Average Loading Time (Minutes)

Refineries
Min Max Mod
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Usually, there are uncertainties concerning the refineries operations. The main sources of
uncertainty are coming from refineries’ scheduled overhauls or unpredicted breakdowns.
The scheduled overhauls are mainly preplanned and the logistics managers are informed in
advance. In modeling the overhauls the shift object could be used. The working hours of
refineries are modeled using a shift object in the simulation model. In the case of overhauls
the user could set the working hours to the rest hours to make sure that the refinery is not

operational.

There could be many reasons for refineries’ breakdowns such as mechanical failures,
industrial actions, lack of resources and etc. Using the historical data available on
refineries’ operational failures two parameters were established, time between failures and
time to repair. These are provided in Appendix F. Based on the collected statistics, the best

distributions to fit these parameters were found as indicated in Table 6-4.

Table 6-4 Statistical distributions used in the simulation model
Mean Time to Failure Mean Time To Repair
MTTF (min) MTTR (min)
Abadan Lognormal(22047.3,15008.5) |Gamma(1.95,89.61)
Arak Lognormal(21090,15642.8) Weibull(2.36,250.55)
ENT BT Ll Gamma(2.25,12259.3) Weibull(1.63,133.44)
Esfahan Lognormal(21376.4,15643.2) |Triangular(60, 186, 450)

Tehran Gamma(3.84,5705.5) Triangular(21,126,318)

Refineries

e Trucks Dispatching Area: After loading operation is performed, trucks are queued

in a waiting area ready for departing to a bottling plant for unloading the LPG. Trucks are
dispatched to its next destinations based on its transportation schedule.

o Refinery Shift Hours: Each refinery in the system has its own shift pattern. These

working patterns are modelled using a shift object for each refinery. The loading operation

is only performed when the shift object is active; otherwise, no truck is processed.

6.5 Simulation Modeling of the Bottling Plants

At the moment, there are eight bottling plants in this LPG supply chain company. The

plants are responsible to provide the daily demands of LPG in their respective local

markets. The plants are equipped with gas storage facilities and gas filling stations to meet

the daily demands. The plants have different personnel needs, capacity levels of equipments

and transportation needs. This is highly related to the potential of their respective local
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markets for the LPG. To model these plants, different processes performed from delivery of
raw material to finished products are studied. Figure 6-4, illustrates the overall operations

in a typical bottling plant. These processes could be described in three sections as follows:
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Figure 6-4 Schematic View of processes in a Bottling Plant
6.5.1 Raw Material Inlet
As shown in Figure 6-5, once a delivery of LPG is made to a bottling plant the following

operations take place:

" - Trucks Queuing

2- Trucks Unloading

.*' — LPG Storege Ares

3 Trucks Queumg to Deparl

Figure 6-5 Schematic view on Raw Material inlet processes
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The following objects from witness simulation tool were used to model the above
operations:

e Trucks Queuing Area: This is considered to be the first place in a bottling plant

where loaded trucks have to wait before being processed for unloading. This area is
restricted in terms of the total number of trucks that could be waiting there. Usually, the
capacity of this area would allow up to four trucks to stay for unloading. The waiting time
depends on the unloading rate of trucks. This area is always open to receive trucks for
unloading. Table 6-5 illustrates the queuing capacities for different bottling plants in the

system.

This area is simply modelled, using a buffer object from the Witness object library. Here,
the buffer represents a space containing trucks waiting to unload. The capacity is a
parameter used to specify the total number of parts that the buffer could hold. This

parameter is set based on any space restrictions that exist in the respective bottling plant.

Usually, trucks arriving at bottling plats are served as first come first served bases.
Therefore, the buffer Output rule's option is set to First truck, searching from the front of
the buffer. Also, in modelling this queuing area, it is assumed that there are no time
limitations on accepting trucks for unloading. Therefore, trucks arriving at any time during

the day are processed based on their order of arrivals.

Table 6-5 Queuing capacities for bottling
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Figure 6-6 Unloading decsion process

-169-



Chapter 6: Simulation Model Development & Validation

¢ Unloading Operation: Trucks are usually unloaded trucks one at a time. There is no

time restriction to perform this operation. Therefore, trucks are unloaded as soon as they
arrive in the plant. There is always a need for skilled personnel to mind all the safety
aspects when unloading is being performed. As a result there is always an operator
available to perform this operation. Usually this operation would take some time between
one to three hours. It is important to notice that this operation would take place only if there
is enough empty capacity available in the storage area of the bottling plants. Otherwise, the
truck must wait in the queuing area. The unloading operation is modelled using a machine

object.

Witness provides seven types of machine to model different types of processing such as
Single, Batch, Assembly, Production, General, Multi-cycle and Multi-station machines. A
single machine object was used to model trucks’ unloading operation. This is a discrete
element that takes in trucks; unload LPG from these trucks and sends trucks to their

destinations.

Trucks are unloaded only one at a time, when the availability of free capacity within
reservoirs 1s checked. Any time that there is a change in the state of LPG reservoirs a check
is made to make sure that there is enough available capacity to let a truck in for unloading
operation as shown in Figure 6-6.

Using, the Fluid emptying rules the LPG is uniformly unloaded amongst the existing
reservoir tanks. It is also, assumed that this operation could take place at any time during a
day. As there was no restriction on the availability of skilled personnel to perform this

operation, therefore, resources/ labour assignment to this operation was ignored.

To measure the unloading time, data were collected from different bolting plants and a
distribution was formed to fit these data. The unloading time was modelled using the
triangular distribution with the main parameters as shown in Table 6-6. Appendix F

provides data used for this purpose.
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Table 6-6 Unloading times at bottling plants
Unloading times (minutes)

Babol Esfahan Kargj Kashan Kerman Mashahad Qum

Averag 122 1156 118 135 107 592 119 121
Max 174 175 143 180 134 1120 148 157

e LPG Storage area: Every bottling plant is equipped with storage facilities for LPG.

The capacity of these storage tanks depends on the gas consumption rate of the bottling
plant. Therefore, bottling plants have different storage capacities, which highly depend on
the local demands for LPG. The volume of LPG to be kept in storage areas is highly
seasonal. The maximum allowed capacity of storage area to be used in summer time is

about 85% of the total storage area and in the wintertime this is about 95%.

Table 6-7 LPG reservoir ca

Capacity Summer Winter

pacities provided by bottling plants

No. Bottling Plant
(tonnes) 85% (tonnes)  95% (tonnes)

oW N ==

L 3

Witness’s Tank object was used to model the LPG storage areas. The trucks contents are
unloaded to these objects. Tanks are passive elements in that they do not carry out any
process operations on the fluids contained within them. This object allows one to specify
warning level for both raising and falling level of LPG in the reserves. Any violations of
these levels are recorded for further analysis and evaluations.

e Truck Departure Area: This is where the unloaded trucks are waiting for departure

to their next destinations. This area is represented using a buffer object. The trucks
departure is an operation, which is modelled using a single machine object. This object
checks the destination attribute of each truck queuing in the waiting area. This attribute is
based on the externally generated schedule for the truck. The trucks are pulled from the
waiting area and they are dispatched to their next destination based on their respective

transportation schedule.
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The following figure illustrates the overall view of the simulation model showing the above
processes described in modelling the raw material inlet for a bottling plant.

Bahal_Res

Trucksin_Bahal Unloading_Bakal

Hi = I e

DizpatchToblext_Babal Dispatch_Batbal

- A" Hi

o

Babol_Rezervel

Figure 6-7 Simulation Model view of raw Material Inlet operations
6.5.2 Customer Arrivals:
The company’s local representatives are considered to the end customers in this study. The
local representatives are responsible to perform local LPG deliveries. As mentioned before
the customer’s demands are highly seasonal. Figure 6-8 shows the annual customer demand

variations for LPG cylinders.

Seasonal LPG Demand Variations
—e—2003 —=—2002 2001 |
240000 - — ——— —

220000

200000

:

160000 |

Demanded Cylinders

140000 |

120000

1 ==

Time(e.g :code 1,2,3= Spring)

Figure 6-8 Seasonal customer demands [code 1, 2,3 =
spring, code, 4, 5, 6 = summer and etc.]

The representatives would arrive to bottling plants during the day to deliver empty
cylinders and to pick up filled cylinders for delivery to the end customers. Usually there is a
higher flux of customers in the mornings and the rate of customer arrival decreases along

the day as demonstrated in Figure 6-9.
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Customer Arrivals

Demand
(number of cylin

7-9 9-12
Time (Morning shift)

12-17

Figure 6-9 Arrivals of customers to a bottling plant

e Unloading_Cylinders: Upon arrivals of customers, the returned cylinders are
unloaded to a delivery zone in the bottling plant. The unloading time is variable and it
usually depends on the number of manpower that is available for this operation.

e Loading Cylinders: Once the returned cylinders are unloaded, the customer
demands are provided from the already filled cylinders that are stocked in the dispatching
inventory. It is important to mention that the policy of this company is based on the make
to stock principles due to the high uncertainty that exists in the system. Therefore, there is
always an inventory of finished goods to be taken when it is needed. Table 6-8, illustrates
the stock capacity of the finished cylinders available in each bottling plant. Furthermore,
the loading time is variable and it depends on the number of operators that are available for

this operation.

Empty Retumed Cylinders |

Table 6-8 Dispatching Stock Capacity Available in Cylinders unloading [ QOC o“;:;:m:)o_, ) |

each bottling plant 8= g ﬁgﬂrﬁ% u\
% al 83388333558
Botiling Plant Dispatching Stock *:D‘ ssesecs: %}iaﬂi{jiﬁ
CO000COCO00
Babol CeECOo00020
Esfahan 5000 I
Karaj 2500 omene ™ $3838388888
Kashan 1250 T SRRERREREs: m
Kerman 1380 L SREORRESRES Secesssssis
Mashhad 1250 026252 STOTD
Qom 1250 Filied Cylinder Stock
Yazd 1200 ﬁgure 6-10 Customers Arrivals to Bottlingmts

To model customer arrivals to bottling plants, one must consider the daily working hours
for each bottling plant in the supply chain. Normally, the bottling plants operate on a single
daily shift pattern. However, based on the seasonal demand for LPG and its raise during the
winter time the production manager could further extend the working hours to encounter

the second daily shift.

#
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In Witness, a shift is a logical object that could be used to create a shift pattern or a series
of shift patterns, which are in effect a sequence of working and non-working periods. As
shown in Table 6-9, there are three different shift patterns that are used in modelling the

working hours of bottling plants in the system.

Table 6-9, Daily working shift patterns incorporated by different bottling

Daily Shift Pattern 1 Daily Shift Pattern 2 Friday Shift Patterns

Duration

Duration Duration

Periods Mode periods Mode periods Mode

(Minutes) (Minutes) (Minutes)

Working 390 1 Rest 390 Rest 480
Working 270 2 Working 270 Working 360

Rest 30 3 Rest 30 Rest 600
Working 180 4 Working 240

Rest 30 5 Working 90
Working 240 6 Working 120

Rest 30 7 Rest 300

210
60

Working
Rest

Using the shift patterns the customers are gencrated on daily basis. To find the daily
demand/ customers for a bottling plant a distribution is developed. This distribution is
based on the historical data available from the daily demand for LPG in a specific month.
Appendix F illustrates an example of these data.

At the start of the shift, the total daily demand for that day is generated. This value
represents the total number of LPG cylinders that are brought to a bottling plant for fillings.
These gas cylinders are modelled as follows:

o Part Object: In this model, the gas cylinders are presented as Part objects. In
Witness, a part is a discrete element that could represent anything that moves between other
discrete elements. There are different types of parts such as: Passive, Active and Active
with profile parts. The gas cylinders are modelled using the active with profile part object.
Using this object, the gas cylinders can arrive into the model in an irregular pattern that
could be repeated over a 24 hours period. Using the detail dialog of this object, one could
set up a part arrival profile that could contain a repeating pattern as illustrated in Figure
6-11. The arrival pattern of customers is modelled based on the historical data available on

this for each bottling plant. Appendix F presents these data.
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Figure 6-11 Gas Cylinder Part with arrival profile

6.5.3 LPG Cylinder Processing:

The returned cylinders are manually placed on a conveyor to be taken for different
operations in the plant. Figure 6-12 illustrates operations involved in processing the

cylinders. The following describes briefly how they arec modelled in this application.

Fergas Washing H Filling H Inspection Accepted HI:S:::;EISQ

3

Rejected

| rework

Figure 6-12 Different processes that a cylinder goes through
e Cylinders Washing Area: The returned cylinders are conveyed through a washing

area, where they are thoroughly washed and cleaned. This operation is mainly performed
by a number of water jet sprays that are placed along the conveyor belt. This process is not
considered in the simulation model. This is mainly due to the fact that its process time and
breakdowns do not have any impact on the main cylinder filling operation.

e LPG Filling Process: The cylinders are pushed to filling stations to be filled with

LPG. Each filling station is composed of four filling machines. Witness Single Machine
object was used to model the filling machine operations. Also, using the Module object in

the Witness simulator, every four filling machines were grouped into one Filling station.
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A module is a discrete element that groups together a collection of other elements. This
would allow modelling self-contained processes within a model. Figure 6-13 shows a

filling station modelled as a module object and its contents, which are the filling machines.

FilinaCell_B1
=

Table 6-10 Inspection times for bottling plants
Inspection time
(minutes)

®% Window 8 (130%)

<

Figure 6-13, Module and its contents

Each Filling module has an Enter and Exit object. The LPG cylinders enter the module
through the enter object. The cylinders are sent to filling machine 1 to 4. Once the cylinders
are filled then, these are sent out of the module through the Exit object to the next stage in
the cylinder process. The cycle time for filling cylinders are set to 65 seconds. Also,
breakdown considerations for these machines incorporated in the model using the historical
data available from the system. Appendix F provides such data.

e Cylinder Inspection Area: This process is modelled using a single machine object.

Based on historical data only up to 5 % of the cylinders are rejected and the rest are moved
to the dispatching area. This is supported using data provided in Appendix F. The
inspection time is variable and it is based on the considering bottling plant in the system as
indicated in the following table.

e Cylinder Rework Area: This operation is also modelled using a machine object.

The cycle time for this process is established based on the historical data from bottling
plants. Usually, 5% of the rejected cylinders are considered to have minor faults that are
sent to the dispatching area. The remaining cylinders are directed to the second machine,
which is a multi-cycle machine. This machine first removes the LPG contents of the

cylinders to storage area. In the second cycle of this machine the cylinder maintenance is

ﬂ
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performed with a cycle time ranging from a minimum of 2 hours up to maximum time of 1
week. This cycle time is taken from the historical data provided in Appendix F.

e Dispatching Area: The fault free cylinders are shipped to the dispatching inventories

to be taken by the company’s agent for distribution between the end users. This area is
modelled using a buffer object. The capacity of this buffer varies for each bottling plant in

the system. Figure 6-14, shows a typical processing plant developed in the model.

Figure 6-14 Simulation Model view showing input & output of a Bottling Plant

6.6 Physical Supply of Raw Material

The physical supply or distribution of raw material from refineries to bottling plants across
the country is performed by means of Supper Trucks. Trucks and the drivers are one of the
main resources used to perform the supply of raw materials to the bottling plants. As
managing routing and scheduling of resources is the main aim of this project, for this
reason the following section reviews how resources are modelled in Witness simulation

environment.

6.6.1 Delivery Schedule

This simulation model was not established to develop delivery schedules but it was rather
developed to examine and evaluate the effect of different delivery schedules on the overall
system performance measures. In this approach, a monthly delivery schedule is externally
generated using the genetic search engine. The generated schedules are stored in a database
that is interfaced with the Witness simulation tool. Figure 6-15, illustrates the steps in
generating schedules in the simulation model and transferring delivery data from the

database to the simulation model for each truck.
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Figure 6-16 Schematic view showing data transfer to the simulation model
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The number of transportation schedules generated in a simulation model depends on the
total number of trucks that exists in a monthly schedule. For each truck existing in a
schedule an equivalent schedule is generated in the simulation model. These schedules are
string array variables with dimension of (5,100). Figure 6-16, shows an example of a string
variable in Witness simulation environment that holds a transportation schedule for Truckl

in the model.

A raw in a schedule represents a route that a truck is travelling. Typically, a route starts
with a start location (i.e. refineries) and an end location (i.e. bottling plants). In addition
there is a start time assigned to each location in the route. The start time suggest the time to

leave a location to move to the next location as specified in the scheduled.

6.6.2 Transportation Routes
The routes suggest the possible alternative paths that link refineries to bottling plants

existing in the real system. In the considering supply chain, there are five refineries and
eight bottling plants. Therefore, there are at least 40 possible routes linking refineries to
bottling plants. It is important to mention that based on the size of the supply chain it is
possible to extend the number of suppliers, plants and the routes between them. The
possible routes existing in a system are defined earlier in Genetic search module. As
illustrated in Figure 6-17, a route is stored in database using a route number, Refinery,
Bottling plant, distance, speed limits and other parameters that are stored in the database.
The user could add or delete routes from this database. As shown in Figure 6-18, these data

are transferred to variables in the simulator for any further operations.
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Figure 6-17 Route Database Table
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Figure 6-18 Data from route database transferred to Simulator

The time to travel these routes depends on the road type and weather conditions. Also, the
loading status of the vehicle determines the maximum possible driving speed. In this
approach historical data on the minimum, maximum and the average vehicle speed for each
route were used to establish vehicle speed in routes. Refer to Appendix F for further
information on these data. Table 6-11, suggests some speed parameters related to different

routes exists in the system.

Table 6-11 Loaded/ Unloaded Vehicle speeds for a number of
Transportation routes

Loaded Speed(Km/hrs.) Unloaded Speed{Km/hrs.)
Min Mod Max Min Mod Max

6.6.3 Transportation Vehicle
The supper trucks could be modelled using either vehicle and track objects or the single

machine object from the Witness object library. The use of vehicle and track objects had
the advantage of better physical movements, which was useful for presentations. However,
one of the main disadvantages of this approach was the lack of flexibility and complexity in
modelling concepts such as breakdowns. As a result single machine objects were used to
model supper trucks for transporting LPG. As illustrated in Figure 6-19, to model the trucks

the following objects were used:
#
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Figure 6-19 Transportation Vehicles

¢ Dummy Part Object: For each Truck used in a schedule a corresponding part object

is generated in the simulation model. The parts are used to contain information about routes
to be travelled by trucks in order to complete their monthly delivery schedules. There are a
number of attributes assigned to the dummy parts once they are created in the model. These
attributes are described in Table 6-12. These attributes are used to model the logic involved

in LPG transportation.

Table 6-12 indicating the attributes assigned to dumm
Attribute Desceriptions
Nattr_CurrentLoc To hold the name of the current location of the truck
lattr_StageNumber The current position of the truck in routes to take
Nattr_MachName The tucks name

The routes are specified by numbers. They specify the path to
travel by trucks.

Nattr_LoadingDist The name of the Refinery to load from

Rattr_LoadingST The start time to depart the refinery

Nattr_UnloadingDist | The name of the Bottling Plant to unload

Rattr_UnloadingST The start time to depart from the bottling plants

Iattr_Loaded To specify if the truck is loaded

Iattr_TotalStages The total number of routes that must be taken
Rattr_TimeLoaded To specify the loading time

Iattr_RouteNo

Rattr_TimeUnLoaded |To specify the unloading time

The initial value for these attributes is transferred from the database to the corresponding
part in the simulation model. As vehicles are moving between locations, these attributes are
updated to reflect the current position and status of the truck with respect to the schedule.

o Input Buffer: Once the corresponding part is created in the simulation model, its
attributes are initialised from the database table. The part is directed to wait in a buffer to be
processed by a single machine, which is the actual truck. In fact, in this way the parts are
the tasks to be performed by trucks and the buffer is used to list all tasks for the truck.

o Single Machine object: This object is mainly used to perform transportation of LPG

from refineries to bottling plants. The cycle time for this machine is obtained based on the
distance to travel, and the speed limit on the routes to travel. A truck's speed also depends

on the loading condition of the truck.
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Using the detail property page of this object one could model vehicle uncertain behaviours
such as: breakdowns, repairs and scheduled maintenances. These are modelled using the

historical data available from the trucks. Refer to Appendix F for details on these data.

When a part representing a task enters a machine object, it is checked to see if it is loaded
or unloaded. Based on its loading status, its current location and its scheduled destination
which could be either a refinery to load LPG from or a bottling plant to unload is recorded
from the related attributes. In addition the route number to travel is used by a function to
calculate its travelling speed. The vehicle speed is calculated based on a triangular

distribution with its main parameters taken from the Logistics manager.

Once, the current location, destination and the vehicle speed are specified, the cycle time is
calculated based on these parameters. From the current location and the destination, the
travelling distance is calculated. Dividing this value by the vehicle speed the cycle time is

obtained in minutes.

The total distance travelled by the truck is updated when the cycle time is elapsed. In
addition, the total distance travelled based on the loading status of the truck is also
calculated. This could be used to see the amount of deadhead travelling with respect to the
truck schedule. Finally, the part is directed to the next location based on its destination

attribute.

6.6.4 Part flow logic

The part flow logic refers to the raw material transportation, performed by trucks as
described earlier. Trucks use monthly transportation schedules to carryout deliveries. The
part flow logic would be clearer by considering and example. Assuming a truck is currently
placed in location A. Based on the following transportation schedule shown in Table 6-13,
the first route to be taken by the truck is route 33. Once a part is generated in the simulation

model, the main part attributes are updated as indicated in Table 6-14.
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Table 6-13 Transportation Schedule

Start Time Start Time

Bottling

Route No. Refincry Plant

(Min) (Min)

33

17
26

Tehran

0

Babol

Arak

1880

Babol

2680

Esfahan

4120

Esfahan

4255

Table 6-14 Truck's main attributes
Attribute

Nattr_CurrentLoc

Descriptions

A
lattr_StageNumber 1

Nattr_MachName Truckl
lattr_RouteNo 33
Nattr_LoadingDist Tehran
Rattr_LoadingST 0
Nattr_UnloadingDist Babol
Nattr_UnloadingDist 440

lattr_Loaded 0 (i.e. the truck is not loaded yet)

lattr_TotalStages 3

Rattr_TimeLoaded To be specified when the truck is loaded

To be specified when the truck is un

Rattr_TimeUnLoaded
- loaded

In the simulation model a part with the above information is generated and it is send to a
machine object representing a truck. The truck would be busy with a cycle time equal to the
travel time from Location A to loading destination called "Tehran", where the refinery is

located.

Upon the arrival to the refinery, the truck would be waiting in a queue for LPG filling
operation. Once the filling is performed the tuck is then transferred to another buffer. In this
outgoing buffer, trucks are queuing based on their Departure time. This means that the
truck with the minimum Departure time (i.e. Rattr LoadingST) would be shipped out the

refinery.

Using the unloading destination attribute (Nattr UnloadingDist) trucks would be kept busy
for the duration of travel time from the loading refinery to the unloading bottling plant.
Once this cycle time is elapsed, trucks would be waiting in a queue for unloading at the
plant. It is important to mention that the travel time also includes the rest time that drivers

may take on travelling a particular route.
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Once, the LPG unloading operation is performed, trucks are then transferred to another
buffer, Where they would be waiting until their departure times (i.e. Nattr_UnloadingDist)

reach the simulation time.

If trucks departure time were already over, then they would be dispatch as soon as arriving
into the waiting buffer. At this stage trucks are moved to the next stage of their schedules.
As a result the stage numbers are incremented by one (i.e. lattr StageNumber) and the main

attributes of trucks are updated as shown in the following table.
Table 6-15 Updated attributes

No. Attribute

Nattr_CurrentLoc

Descriptions

Babol

Iattr_StageNumber

2

Nattr_MachName

Truckl

Iattr_RouteNo

17

Nattr_LoadingDist Arak
Rattr_LoadingST 1880
Nattr_UnloadingDist Babol

Nattr_UnloadingDist

2680

Iattr_lLoaded

0 (i.e. the truck is not loaded yet)

Iattr_TotalStages

3

Rattr_TimeLoaded

To be specified when the truck is loaded

Ratir_TimeUnLoaded To be specified when the truck is un loaded

The above steps are continued until the stage number exceeds the total stages to be
travelled by trucks. When this happens, trucks are shipped out of the simulation model
ending their LPG delivery operations.

6.7 Modelling dynamic behaviours of systems

As mentioned earlier there are a number of sources of variability within the supply system.
These are mainly due to unscheduled breakdowns and repair of equipments within the
supply ports, transportation fleet and bottling plants. Mainly the breakdown/repair models
for these equipments are established based on the maintenance and daily production
records. The maintenance records from supply sources, trucks and bottling plants provided
data on machine breakdowns that required the use of maintenance personnel for repairs.
Mostly data were collected for a year period and analysed. The distribution fitting software
BestFit from Palisade Corporation [157] was used to generate the best distribution for
Mean Time Between Failures (MTBF) and Mean Time To Repair (MTTR) for each

machine.
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Also, analysing the daily production records suggested breakdown patters that are operation
dependent failures. There is no need of maintenance personnel for these repairs. For
example a common cause of down time on filling stations was lack of oil lubrication
problem. Also, this pattern was detected for trucks transporting LPG to bottling plants.
Data was collected based on a year period and the BestFit was used to generate
distributions for mean number of operations to next failure and mean time to repair. The
breakdown-repair models can be developed in Witness using the Breakdown sheet of the

machine description dialogue box as shown below.
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Figure 6-20 Breakdown Menu Options

Also, daily bottling plant consumption of LPG is seasonal and variable. To model this
variability in LPG demand data were collected for each month for the last three years. Once
again the BestFit was used to establish the best distribution curve modelling monthly

demand for LPG for each bottling plant considered in the system.

6.8 Model Validation

There are three important issues that must be addressed by the simulation analyst, known as
model verification, validation and establishing credibility in the model. As suggested by
Law and Kelton [121], the model validation and verification is probably the single most
difficult task that a simulation analyst must face. If a model is not valid or cannot be proven
to be valid then the validity of inferences and conclusions derived from the model output

must also be in doubt. Verification is concerned with proving that the conceptual simulation

S ————7—"-——————"""_ " —"""—""‘"":-"°"°°> >
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model has been translated correctly into the computer simulation model. In the other hand,
validation is concerned with determining whether or not the conceptual model is an

accurate representation of the system being studied.

Model credibility is established once management accepts the model as being valid and
uses the model as a decision support tool. One area contributing to credibility of the model
is the animation of simulation outputs. Animation is seen as an effective method for
communicating the basic model construct to managers who were not mainly involved in
model development. [148] suggest that ongoing model development in which the need for
verification and validation causes continual comparison of the real system to the conceptual
model and to the operational model and repeated modification of the model to improve its
accuracy. To this effect [121] present validation and verification stages as shown in Figure

6-21.

Validation Verification .Validation Establish Credibilit
-~ = - ~ - ~ - -~

7 ~ 7 ~ 7 ~ ” ~

Cormreat result
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implemented
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Sell Results
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Figure 6-21, Validation, verification and establishing credibility [121]

6.9 Establishing a Valid and Credible Model

In this section the steps taken to establish a valid and credible model are reviewed. [121]

present a modified three step approach to model validation based on the Naylor and Finger

[158] and [159]. The approach does not guarantee an absolutely valid model but it will

result in a model that is more representative of the real system and also more credible.

o STEP I: Develop a model with high face validity: This step is to ensure that the model
developed seems reasonable to people who are familiar with the system under study. To
achieve this, a model builder should examine and incorporate information from a
variety of distinct sources. In the case of the company involved in this project the model
was developed by constant communication with individual experts in the company.

Therefore, extensive use was made from expert’s knowledge familiar with the system.
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As the system under study already exists, data were obtained from the real system and
incorporated into the model.

o STEP 2: Test the assumption of the model empirically: the aim of this step is to test
quantitatively the assumptions of the model. Tools and techniques such as graphical
plots and goodness of fit tests can assess the adequacy of fitted distributions. Also
sensitivity analysis can be employed during this step to determine whether or not the
model output is sensitive to changes to the value or properties of a factor of interest. If
the output is found to be sensitive to some aspect, then that aspect must be modelled
carefully and in detail. In some cases there might be a need to determine the sensitivity
of the model to two or more factors and their possible interactions. This can be done by
employing statistical experimentation design techniques.

o STEP 3: Determine how representative the simulation output data are: As [121]
suggested the most definitive test in establishing the validity of a simulation model is
that its output data closely resembles the output data that would be expected from the
actual system. If the system exists, as in this case, then the output data of the simulation
model are compared to those of the actual system, the result of this comparison
determined the validity of the model. If this comparison is found to be favourable then

the model is said to be valid, otherwise the model is modified until it is.

This however, raises the question of whether a model that has been modified until a
particular set of input data is validated or merely representative of the particular set of input
data. It is recommended using one set of data to calibrate the model and another to validate

the model.

Besides the statistical approaches, there are other non-statistical based approaches for
model validations. An example of such techniques is called Turing test. In the Turing test
system experts are firstly asked to examine one or more sets of system data and one or
more sets of model data without knowing, which is which. In the case of correct
distinctions, they are asked to provide and explanation for their justifications. Based on the
explanations, the model must be improved. Also, the system experts could be used to

review the model data for reasonableness. Throughout this project the model and data were
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shown to the experts several times and this aided immensely in establishing a credible

model.

6.10 Statistical procedure for model validation

The test of validity reduces down to comparing the results generated by the simulation
model to the data collected from the real system operating under the same conditions. A
number of statistical tests have been suggested over the years for the purpose of model
validation. As suggested by [121], there are three approaches that have been used widely by
practitioners, namely known as the inspection, confidence interval and time-series

approaches. The first two approaches are introduced in the following sections.

6.10.1 The inspection approach

This is perhaps one of the mostly used approaches by simulation developers. In this
approach the statistical data is collected on one or more statistics from the real world
system. The same statistical data is collected from the simulation model. Then a
comparison is carried out on these data without using any formal statistical procedures
examples of statistics that might be used for this approach are sample mean, sample

variance and histograms.

[121] state that there is an inherent difficulty with this approach in that “each statistic is
essentially a sample size of 1 from some underlying population, making this idea
particularly vulnerable to the inherent randomness of the observations from both the real
system and the simulation model”. The correlated inspection approach was then
recommended to overcome this problem. In this approach, the model is derived using
historical system input data rather than samples from distributions and then the comparison
are made. This approach is particularly useful for situations where there is a limitation on

the amount of data that may be collected from either the real system or the model.

6.10.2 Confidence interval approach

In situation where it is possible to collect large amounts of data from both the real system
and the model this approach is a much more reliable approach than the inspection approach.

This approach requires that m independent sets of data to be collected from the real system

#
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and n sets of data from the model. Then the y, be the average of the observations in the

.th . . .
]t set of system data and Y, be the average of the observations in the j” set of model

data. The ¥,’s are Independent Identically Distributed (IID) random variables with mean

M, = E(Y j) and Y,’s are IID random variables with mean A, = E(Y ; ) The confidence
interval approach attempts to compare the model with the real system by constructing a

confidence interval for 5 =HU,—H,.

In order to construct the confidence interval, either of the two approaches can be used,
namely the paired t-test [121] approach and Welch’s approach [160]. The paired t-test
approach required that M =N but allows y; to be correlated withY;. The Welch approach

does not require that M = Nbut requires that the y,’s are independent of theY,’s. The

approach may be used for any values of M >2 andN>2.

6.11 Validation Results

This section is primarily concerned with the model validation. To determine how
representative of the real system the simulation output data are, the confidence-interval
approach based on independent data was proposed. For this reason the Welch approach was
conducted as the M is not equal to IV and there is no intention to truncate one of the data set

or to enlarge the other. As required by this approach the data sets are independent.

The main two indicators used to validate this model were based on average daily Inventory
levels and the average LPG cylinders filled daily (i.e. outputs) at different bottling plants.
The company records and reports were used to collect and document all relevant data. The
existing inventory level at different bottling plants were collected for a period of time form
the 1% of March 2004 to 1% of December 2004 from Inventory loading report forms that

operators are required to fill out and maintain.

6.11.1 Result of the validation procedure

As specified earlier, when comparing two systems with unequal and unknown variances

one of the best approach is the Welch method. In our case the sample sizes are different. In

ﬂ
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the case of inventory level validation there are only five sets of independent data available
from the real system. Also to validate the demand level, there are only three sets of data
available from the real system. However, it is possible to generate as many sets of
independent data from the model as desired. The following table represents the average
monthly inventory level for each bottling plant in the considering supply chain. These data
are collected from simulation model for Transportation schedule. The data sets are from ten

independent replications from the simulation model. Each replication uses a different seed

number.

7 )

Botlling Plant Babol Esfahan Kashan Kerman Mashahad Yazd

Reps (n) Avg Avg Avg Avg Avg Avg Avg.
Volume(tonnas) | Volume(lonnes)  Volume(tonnas)  Volume{tonnes) Volume{lonhes 0 B Voluma{lonnes) Volume{lonnes)

3 39.39 55.16 291.02 25.65 56.81 8.46 4077 13.54

4 85.03 76.93 301.51 31.64 60.93 3.02 42.98 13.42

7244 87.04 314.66 26.40 73.04 6.57 42.53 13.17

66.94 67.72 287.99 20.82 75.14 15.01 41.68 15.81

60.21 71.49 292.83 24.21 74.28 10.99 39.87 14.16

58.22 54.69 275.09 30.62 71.51 7.28 37.50 .88

) 65.37 55.09 _319.81 21.28 58.85 8.17 39.89 2.79

10 71.34 £4.86 296.40 29.41 79.94 26.66 40,51 4.59

Similarly, average monthly inventory levels are collected from the real system as illustrated
in the following table. There are only five sets of data available from the system due to the

difficulties in gathering data from the real system.

Table 6-17 Average Inventory levels for Bottling Plants from the real system

AvQ AvVQ Avg A Avg AvQ AvQ Ava

1.00 84.31 £9.97 292.31 32.78 82.94 11.66 38.63 18.38

2.00 62.09 95.72 310.75 27.38 46.88 11.78 41.50 12.94
3.00 52.06 71.18 266.41 28.56 68.47 10.44 39.47 13.22
4.00 65.09 68.34 280.25 32.09 68.41 32.84 41.72 13.88
5.00 63.16 52.84 283.50 27.00 67.91 11.19 41.84 14.53

The Welch method can be initiated with calculating the mean and standard deviation of
both the real system and the simulation model. It is then possible to obtain the estimated

degree of freedom. This calculation is done using the following equation:

Sty ),[Siewy/ 2
n, ny (74)

ff\= ------------------------------

Slz(”y 2 Si(ny 2
n, n3y
+

("l _l) (”: —I)
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Where S12 and Si are the standard deviation of the simulation model and the real system

respectively and g7 and g, are the sample sizes. Having obtained the degree of freedom the

following equation is used to calculate the confidence intervals. Table 6-18, summarises the

result of computation for confidence intervals at different levels.

2 2
Xi(p) - Xo(y,) £ £31eatz ST’;nl) + Si}inz) .............................. (75)

Table 6-18 Result of Welch Confidence Interval for Inventory Levels

3

Confidence

Esfahan ; Kashan

Intervals

AT 99% -16.31 20,74 -22.38 26.70 -31.25 19.54 -1.85 7.38

AT 98% -13.53 17.96 -18.23 22.55 -27.17 15.47 -1.19 6.72

AT 95% -9.82 14.25 -11.99 16.31 -21.07 9.36 -0.29 5.82
Confidence

il Lower Interval

AT 99% - .

AT 98% -17.32 15.58 -8.43 16.68 -1.61 2.64 -1.87 3.20

AT 95% -13.56 11.82 -5.32 13.58 -1.13 2.16 -0.94 2.97

As it can be observed from Table 6-18, at all chosen levels, zero is contained with in the
intervals. Hence one can conclude that statistically the difference between the simulation
model and the real system is insignificant and therefore the simulation model is a valid

representation of the real system.

The second parameter considered to validate the simulation model was Cylinder output
from each bottling plant existing in the system. For this reason the average monthly
cylinder outputs were collected from the simulation model. In total ten data sets were
gathered from ten different simulation runs, each having different seed values.

Table 6-19, Average Monthly LPG Cylinder outputs for Bottling Plants from Simulation Model

: [ Babol | Esfahan | Karaj | Kashan | Kerman | Qc Mashahad
Avd e A de A

de A de

e 0 outp O oulp 0 0 oulp O

0 e 0 e o) e O =] C e ) e Q e 0 e
1 28.09 71.93 75.44 19.60 14.28 16.10 18.25 19.50
2 28.44 75.96 72.57 18.93 15.17 13.79 18.64 20.31
3 29.93 81.99 70.37 19.72 16.00 14.41 18.10 19.97
4 24.96 72.08 67.67 19.27 16.77 15.70 18.25 19.81
5 27.84 71.43 66.03 20.28 14.97 14.80 17.99 19.37
6 27.75 78.04 70.85 20.97 13.40 14.11 17.99 19.56
7 30.36 74.61 69.65 19.62 12.99 15.29 18.50 19.96
8 29.46 79.58 72.31 18.56 13.93 14.88 18.09 19.89
9 28.29 81.82 63.64 20.70 16.11 14.62 18.18 20.02
10 28.04 75.88 67.41 20.20 14.01 14.27 18.03 20.16

Also, the corresponding data were gathered from the real system. In total three data sets

were gathered from the real system as shown in Table 6-21.

—
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Table 6-20 Average Monthly LPG Cylinder outputs from Bottling Plants from the real system

| 1 2 3 4 5 B 7
olling Plant | Babol | Esfahan | Karaj | Kashan | Kerman | Qom | Mashahad
Avg. Cylinder | Avg. Cyfinder | Avg. Cylinder | Avg. Cylinder | Avg. Cylinder | Avg, Cylinder | Avg. Cylinder Avg. Cylinder

output output output output output output output output
(Tonnes) (Tonnes) (Tonnes) (Tonnes) (Tonnes) (Tonnes) (Tonnes) (Tonnes)

1 28.09 74.53 65.81 21.25 15.16 13.25 18.34 20.31
2 31.78 75.84 70.35 19.31 13.44 17.06 18.97 21.38
3 30.59 82.16 73.00 19.56 16.31 14.72 17.1¢ 19.25

Conduction, the Welch method at different confidence intervals resulted in the lower and
upper bond limits as indicated in Table 6-21. Observing these intervals suggest zero is
contained within the corresponding limits and therefore the developed model and the real
system is statistically indifferent and therefore this adds to the validity and credibility of the

developed model.

Table 6-21, Result of Welch Confidence Interval for LPG Cylinder Demands
2 3

el el ————[=— —Ewahan —— =t~
o inermal
AT 99% -3.54 7.22 -10.92 13.28 -10.64 10.89 -2.72 3.23
AT 98% -2.28 5.97 -8.10 10.46 -8.12 8.38 -2.02 2.54
AT 95% -0.95 4.63 -5.09 7.45 -5.45 5.71 -1.28 1.80

Confidence
mtorvals |— Keman | Qom |  Mashahad |
Lower Interval | Upper Interval Upper Interval
AT 99% -3.80 4.42 S -3.71 5.58 -2.63 3.55
AT 98% -2.85 3.46 % -2.30 417 -1.69 2.61
AT 95% -1.82 2.44 -3.10 3.52 -1.01 2.88 -0.38 1.29

6.12 Conclusions

This chapter initiated with a brief description on activities involved in a typical supply
chain. To this effect, different elements comprising the considering LPG supply chain was
described. Based on the cost analysis performed, it was found that the supply of raw
material from the supply ports to the processing plants would take the highest ratio of the
actual physical transportation cost in this company. To this effect addressing complex
issues in vehicle routing and scheduling for LPG transportation could greatly assist

management with this task and ultimately leading to cost reduction for the company.

The considering system is subjected to high variability due to the low degree of automation
in the system and also high uncertainty due to unpredictable influence of environment,
human, operations and market. Obviously, traditional methods of studying supply chain/
manufacturing systems such as linear programming or flow charting are incapable of

solving the complex nature of this vehicle routing and scheduling.
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Simulation modelling provides a better way to capture systems dynamics and therefore a
better approach for modelling the supply chain. However, development of a simulation
model is a difficult and complex task that requires the use of knowledge and expertise from

many individuals within the system.

The computer simulation of the LPG supply chain system was validated using the Welch
method and it was shown that the output of the model is representative of the expected

output from the real system.

This model can now be used to aid in the LPG transportation decision-making process. This
module provides a better-detailed model to further evaluate alternative transportation
schedules provided by the search engine. The model will only remain valid as long as it is
updated with current system data. For instance changes in transportation and processing
times must be updated in the model. Finally, the simulation model can also be used as a
stand-alone tool to evaluate different hypothesis and conduct different experiments on the

considering supply chain.
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7.1 Introduction:

The primary aim of this chapter is to show the applicability and effectiveness of the
proposed hybrid genetic based decision support tool in addressing multi-objective vehicle
routing and scheduling problems. This chapter initiates by comparing the developed
Genetic algorithm with other methods to validate and evaluate the performance of this
approach. Moreover, experiments performed to further assess the impact of population size,
selection methods, crossover, mutation operators and the elitism on the GA performance
are provided in this chapter. Lastly, the simulation model from the considering supply chain
was used to evaluate the generated optimum solutions from the genetic search. The results
from these evaluations are presented and the feedbacks from the simulation module to the
search engine are discussed. Finally, an overall discussion of results and final conclusions
drawn on this hybrid decision support tool for addressing multi-objective logistics problems

are presented.

7.2 Genetic algorithms Validation

The aim of validation of genetic search engine here is to show that this method is searching
for the global minimum. For this reason this method is compared with other approaches to
establish its validity. In comparing this method, one can also evaluate the performance of
this method. To this effect the Genetic search method is compared with TORA a linear
transportation optimisation method and random search to find the optimum transportation
cost. Further to this comparison, GA is compared with random search to find the optimum

Vehicle Routing and Scheduling cost. These scenarios are further described as follows:

7.21 Optimum Transportation cost using TORA

The first comparison is based on the linear formulation of transportation problem.
Evidently, the considering problem does not represent a linear relation between objective
functions and primary factors in this model. However, the problem can be tailored to a
simple transportation problem by just considering supply and demand levels. Also the
distances could be considered as the cost measure to transfer the required LPG to the

demand points. In this way, the only objective is to minimise travelled distance. For this

_——————_— . —————————
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purpose, distance cost is taken to be in linear relation with the travelled distance. This
problem can be formulates as there are five refineries with LPG reserves and also, there are
eight processing plants with the specified demand levels as shown in Table 7-1. As
indicated from this table the supply and demand levels are considered to be equal. The
distance travelled to link refineries to processing plants are presented in Table 7-2. The aim

is to minimise the distance travelled to supply all the requested demands for LPG.

Table 7-1 Supply and Demand levels

LPG Demands
(Tonnes)

Processing
Plants
Babol
EsfahanC
Karaj
Kashan
Kerman
Mashhad
Qom
Yazd
Total

Table 7-2 Distances linking
Processing

Refineries

Abadan

LPG Reserves
(Tonnes)

Abas

Arak

Esfahan

Tehran
Total

sources and demands points
Route

Processing

Refinery Plant intDistance No. Refinery Plant intDistance

1 Abadan Babol 21 Arak Kerman
2 Abadan EsfahanC 22 Arak Mashhad 1280
3 Abadan Karaj 1000 23 Arak Qom 150
4 Abadan Kashan 1250 24 Arak Yazd 600
5 Abadan Kerman 1630 25 Esfahan Babol 800
6 Abadan Mashhad 1900 26 EsfahanC 15
7 Abadan Qom 1200 27 Esfahan Karaj 435
8 Abadan Yazd 1350 28 Esfahan Kashan 200
9 Abas Babol 1700 29 Esfahan Kerman 703

Abas EsfahanC 1080 30 Mashhad

Abas Karaj 1380 31 Qom

Abas Kashan 1250 32 Esfahan Yazd

Abas Kerman 550 33 e Babc

Abas Mashhad 1750 34

Abas . Qom 1200 35

Abas _ Yazd 720 36

Arak __Babol 680 37

Arak EsfahanC 300 38

Arak Karaj 330 39

Arak Kashan 230 40

The above problem was addressed, using the well-known transportation model TORA

Optimisation System - Version 1.044, developed by Taha [161]. The total transportation

cost obtained as 280959.17, which is distance travelled in Km as indicated in Table 7-3.
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Table 7-3 Minimum distance travelled usine TORA

o il Trip
S [l [ i oat | ANTO B Ll : x s I - v Anila s
: D1 0 1300 0 G D1 0 800 0
U D2 0 850 0 D2 1881 15 28215 104.50 1567.50
i D 916 1000 | 915000 50.83 5083333 D3 602 435 261870 33.44 14548.33
D4 0 1260 4] D4 500 200 100000 27.78 5555.56 |
D5 0 1630 0 05 0 703 0
D6 0 1900 0 [o]:] 0 1350 0
b7 [1 1200 Q o7 0 280 0
D8 1350 0 D8 0 _is__‘-.SO 0
(831 0 1700 0 D 1148 320 367360 63.78 20408.89
D2 0 1080 0 Dz 0 435 0
03 641 1380 | BB84580 35.61 49143.33 D 342 65 22230 19.00 1235.00
D4 0 1250 0 04 0 200 0
05 539 550 298450 29.04 16469 44 | 4 Db 0 110 0
D6 824 1750 | 1442000 45.78 80111.11 DB 0 900 0
o7 235 1200 282000 13.06 15666.67 07 0 130 a
D8 573 720 412560 31.83 22920.00 | D8 a 850 0
D1 0 680 a Total
D2 0 300 4] Transporation |280959.17
D3 0 330 0
04 0 230 0
D5 0 900 0
08 v} 1280 1]
D7 300 150 45000 16.67 2500.00
08 0 800 a

It is important to mention that the purposed GA search method was not primarily designed
based on the general transportation formulation. It was designed to find near optimum
transportation schedule considering different objectives and constraints in the system.
Therefore the chromosome representation is based on random assignments of trucks, routes
and start times. In the other hand TORA approach is single linear optimisation method that
does not consider any real system constraints or resource capacity restrictions and therefore
comparing the results with GA method could be misleading, if failing to consider the

existing differences.

7.2.2 Optimum Transportation cost using Random Search Method

Similarly, a random search was performed to find a schedule with minimum transportation
cost. In this approach parameters used in the transportation schedules are randomly chosen
from their respective decision space. As shown in Figure 7-1, almost 20000 schedules are
randomly generated. The schedules with the maximum and minimum transportation costs
are 412,174 Km and 372,178 Km respectively. The minimum distance was obtained after
17,626 generations.
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Figure 7-1 Random search to find the minimum travelled Distance

7.2.3 Optimum Transportation cost using Genetic algorithm Method
The proposed Genetic Search Method was used to find the minimum transportation cost.
For this reason, the initial conditions for the GA search were set to Pop Size = 10, Pc =
80%, Pm = 20%, Ngen = 3500. As shown in Figure 7-2, the minimum transportation cost
was 292,000 Km. This is almost 80178 Km less than the best-found solution in random

search. Also, GA reached this solution after 950 generations.
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Figure 7-2 Minimum travelled distance using GA search Method

724 Optimum Vehicle Routing and Scheduling Cost

The above sections tried to show the GA performance in finding the minimum travelling
distance. Here the aim is to show how the GA performs in finding the optimum vehicle
routing and scheduling cost, which this method was initially designed for. To this effect the

GA performance is compared with random search method.

Accordingly, a random search was conducted to find the minimum Vehicle Routing and
Scheduling cost, considering all the possible costs in the schedule. Setting this method to
run for 20,000 generations, the minimum cost obtained was about 21,763,302.23. This

solution was reached after 10,000 generations.

Similarly, GA was used to find the minimum cost. The initial conditions for the GA search
were set to Pop Size = 10, Pc = 80%, Pm = 20%, Ngen = 20,000. Figure 7-3, illustrates the
minimum schedule cost obtained using these parameters. The minimum cost was
17,657,026.54. This schedule was obtained after 2649 generations. The obtained schedule
is 4,106,275.69 units less than the minimum found solution using the random search.

ﬁ
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Figure 7-3 Minimum Schedule Cost obtained using Random & GA Search methods

7.3 Optimum values for Initial GA parameters

The described GA needs the tuning of several parameters. The main parameters are as

follows:

1. Population Size (Pop): this value indicates the number of individuals in the population,

which usually depends on the problem to be solved. [162] suggests using small sized
population for problems where the initial population consists of feasible solutions. As
finding a feasible solution might be as difficult as finding the optimal solution, it is also
suggested to consider small size of populations, according to the computation time
needed to obtain such a solution. Also, in the case where the initial population is not
made of feasible solutions, it seems better to consider large populations. In this
approach, repair techniques are used to address any infeasible solution within the

population. Therefore using small population size is recommended.

2. Number of generations (Ngen): The current population is called generation in GA.

This is one of the main stopping criterions used in GA applications. The number of
generations (Ngen) is typically fixed in the beginning of the GA run. It is usually
suggested to have largest size possible for Ngen considering the trade off between the
computation time and Ngen.

Crossover Probability (Pc): This parameter is usually used to decide which couples of

individuals constituting the current population to be crossed. In this application, the

iiiiiiiiiiilliiiiiiiiiiiiiiiiiiiiiiiiiiiiiliiiiiiiiiiiiiiiiiIlliiiiiiiiiiiIIliiiiiiiiiiiiiiIiiiiiiiiiiiiiiiiliiiiiiiiiiiiiiiiiilii
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number of crossover operations (N,) depends on the crossover probability P., which is
specified by the user. Once, the parent chromosomes are selected, a random number R,
is generated. If R.<P, then the operations occurs. Also the location of the crossover is
calculated using: L. =INT [n-1] P.,+1], where n is the length of the chromosome and
P., is a random number ranging between [0,1]. ,

4. Mutation probability (Pm): this event is a rare phenomenon and occurs with a small
probability. As in the case of the crossover operation, the number of mutation
operations, N,,, depends on the mutation probability P,,, which is specified by the user.
A random number R,, is generated,. If the R,,<P,, then the operation occurs. Also the
location of the mutation is calculated using L, =INT [n-1] P,+1], where n is the length

of the chromosome, P, is a random number ranging between [0,1].

The tuning of these parameters of GA is a complex and time-consuming task in practice. In
this approach, the aim is to find the best combination of probability of crossover and
mutation. To find the optimum values for Pc and Pm, a set of experiments was conducted.
In these experiments the values for Pc and Pm are changed from 10 to 100% respectively.
The number of generation was set to be as high as 10,000 generations. Usually, the
optimum solution is found in less than the specified number of generations. Also the
population size for these experiments was set to 20. Each combination is repeated using
different seed values for random generator. Figure 7-4, illustrates different possible
scenarios and the associated cost obtained using different seed values. The aim here is to
identify the best experiment, which is defined by the one that gives statistically the best

results.

100 90 80 70 50 40 30 20 10
33032079 | 32852670 32674245 24265080 20220867 | 20538047 26064120 28661207 | 24536336 26218954
35368607 | 32201179] 32105648 27661250| 26282282 28604068| 26703507 | 26257 145| 20501621| 27630170
30930083 20368738 26210220 28161707 2 26254155 14077602| 24908883
30062767 | 26266685| 28115147| 20020983 26751372| 22549550 20771621| 25601283
31214554| 27492648 27343325 31707261 | 25006034 22189397 10 26066356
32044345 | 26067146 26721221 | 33007774 3303 2 5748 23640772 | 24331213| 26984893
28759407 | 32159777 31045016 33186800 822|20418957| 28068364 | 28094879 | 20346144 20404836560
30050731 | 33207647 | 32765412 | 37739311 | 27434002 33419512| 33524291 | 30478414 | 36110196 30170416348

35088260 33318155] 33137191| 38832635 28799541 | 343834 16| 32154244 | 30660897 | 30189029| 31080704 _|
36825118 33610566 33428014 | 30647826 | 20475328 | 30648481| 31768257 | 31221135| 31120026 31191264264

B!
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"~ Rep2 1 2 3 4 5 6 7 8 ) 10
100 90 80 | 70 60 50 40 30 20 10

700 | 32537677| 32442914 32606068 33505343] 20629243 26049104 | 27561677 | 28103718| 24167216] 26375614

B0 | 35711815] 32601123] 32205280 27018524 | 25693174 | 28216727 | 26388341 25740869 20257440] 27770158

80| 31818011 20624805] 26653016] 27643336| 28370314] 26879601 | 24705277 | 24758572| 16213483] 24911834

70| 30854476] 28335407] 27672021 ] 26499192] 29653688] 26454180 | 26408770 22113735| 20409826 | 25620718

60 31186661 27095573 | 270200966 31095069 27701543 | 28103569 24737623] 21765190] 226682912] 26087933 |
50 32935580 | 26670453 | 26317149] 3. 25015153 | 20679511 27862358| 23368654 | 23938005] 27135102
40 28906516 | 32143360 31000510} 32554947 | 26269950{ 20057200 28356820 | 28141166| 28924327 | 20532131002
30 30373123 32648382 32669505 | 37019920 27137127 32783462 | 33244560 20890884 | 20732727 | 30251842300
20 35586003] 33572735] 42520771 38112602| 28249109| 33842067 | 31840878 | 30072243 | 20746058) 31179268
10 3700a195] 33818311] 33142147 | 38868128 20003718 30204201 | 31421466 30620012 30708412 31286270582

s
2

_ Rep3 | 2 3 4 5 6 7 8 9 10

100 80 B0 70 60 50 40 30 20 10
100 [32074508] 30931677 30974169] 32566106] 27616844 28089710) 26221947 7228922| 22724504 25656184

80 34240908 | 30042958 30135069 | 26237847 | 24460145| 27141673 | 24888108 24960344 | 19064831 B45667

80 | 30285512] 27600405 | 27637958 26794046 | 26606452 | 26104348 | 23525726 23985969| 16760779| 2395724
70| 28621938 26698802 | 26535674 27615487 | 28132238 25915703 26105275| 21427771] 21174155| 2538737
B0 | 30058969] 25778467 25686250] 30168550 26101900 27217520 | 23476164 21084747 | 21267010| 2543791
50 | 32286078 25043084 25405151| 31400295 24433842 | 26023286 26735391| 22665561 | 22572712| 2759166
40| 28317363 30475652 20211603] 31691951 | 26185485 27961771 | 26081967 | 27285726 | 27250458 | 2027073589
30| 26728170] 31074633 31281927 | 35667134| 25845307 31862361 | 31420156| 26971931 27986345| 2993348942
20| 33403373] 31106730 31015555 36016927 | 27016432 | 33045483 | 20873736) 20136485 27824039 | 3250542
10__ | 35062840] 31974553 | 31287456 | 37742041| 27621380 20455200 20826927 | 20673678 28642577 | 3261043499

Figure 7-4 Replications conducted to find Optimum values for Pc and Pm

1 2 3 4 5 6 7 8 g 10
100 90 80 70 60 50 40 | 30 20 10
100 | 32546088 32075753 32151481 | 33478843 | 28586002 | 28856053 27282504 | 27994615| 23810019 | 26933691
80 | 35110103] 31641753 31482072 26939210] 25545200 27954153 | 26993315 256557686] 19941297 | 20941832
: B0 | 31011202 | 28865003] 26567065 27533029 27826806 | 26792381 | 24426345 24660565 | ~| 20658624
2 70| 20870733 | 27768208 27441248 28381554 | 20220745 | 264 17503| 26087606 | 22030351| 20785200 | 24567550
5 50__| 30820061 | 26788896 | 26683514 | 30990293 | 27278848 27056546 24436607 [21663111| 22345411 | 22426275
50 | 32722001| 26193561 | 26177840] 32265499| 25530432 | 20480565 27657633| 23201862| 23613077 | 26532696
40| 28661102] 31592930| 30419043 | 32444566 26085746 28812643 | 28075717 28040580| 28506977 | 33005023 |
30| 30053841 | 32340221| 32238948 36882125| 26838842 | 32695118 | 32720679 20760410 29276423 | 20593624
20 | 34692578] 32665873 32227506 37954121| 28021694 33756088 | 31322053| 20956541| 20253342 | 24474702 |
0 | 36207051 | 33134476 32679206 38752665 26766812 30102660| 31002217| 30504942| 30160339 | 20895214

Figure 7-5 Average minimum cost obtained

Figure 7-5, represents the average of the minimum costs obtained from the three
replications. Based on these experiments it was found that statistically setting P and P, to
80% and 20 % respectively results optimum solution. The following sections aims to

determine the impact of different GA parameters in the overall GA search.

7.31 Influence of population

The population size of the genetic algorithm must be selected to increase its efficiency and
to arrive at good solutions within a reasonable time. Table 7-4, shows the schedule cost
obtained for different population sizes and their respective improvements. It is important to
note that the aim here is to show the impact of population size on GA performance. For this

reason, the initial values for P,, P, and Ny, are set to 80%, 20%, and 3000 respectively.

-201-



Chapter 7: Results and Evaluations

Table 7-4 Minimum Schedule Cost for different Population Sizes

10 19671620.73 0 %
20 18476577.60 6%

30 16411274.64 17%
40 16264731.48 17%
50 16586633.96 16%
60 17424587.45 11%
70 17100409.20 13%
80 17472361.53 11%
90 17777801.94 10%
100 19237708.25 2%

Schedule Cost (Millions)
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Generations

[—e—POP 10 —=— POP 20 POP 30 —»— POP 40 —%— POP 50 —8— POP 60 —+— POP 70 —— POP 80 —— POP 90 POP 100 |

Figure 7-6 Influence of population size on GA performance

In general, it can be concluded that increasing population size improves the GA
performance to find a better minimum schedule. However, higher population size does not
necessary mean higher probability in obtaining the minimum cost schedule. This is mainly
due to scattering of the genetic search all over the solution domain. Therefore, requiring
more time to converge to an optimum solution. In addition as shown in Figure 7-6, small
population size of 10 will restrict the search around small neighbourhoods resulting in poor

quality solutions.
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Population Vs. Computation time
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Figure 7-7 Average CPU time consumption for different population sizes
Figure 7-7, shows the impact of population size on GA performance and also it indicates
the average CPU time consumption for different population sizes. The CPU time grows
rapidly as the size of population increases. As shown in the above figure, the computation

time picks up rapidly for population size greater than 40.

Analysing this graph suggests that using population size greater than 50 and less than 90
provide relatively good solutions but the computation time is left to be high (i.e. above 3
hrs and less than 8 hrs per generations). Large population sizes such as 90 and 100 slightly
improve the solution, however the computation time is left to be as high as 12 to 14 hours

per generations.

It is obvious from this graph that population size of 30, 40 and 50 provide lower cost
solutions. In the case of population size 30 and 40, these require computation time less than
2 hours per generation. However, in case of population size 50, the computation time has

increased sharply to above 2 hours per generations.

Finally, increasing population size from 10 chromosomes up to 30 chromosomes improves
the GA performance up to 17% and in average it requires about 1 hour processing time per
generations.
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7.3.2 Evaluations of Selection Method Operators

The first genetic operation in the genetic algorithm is selection and a good selection scheme
avoids both high selective pressure and premature convergence. In this application three
selection schemes were developed based on random, roulette wheel and tournament
selection methods. To investigate the impact of selection methods, an initial population of
size 100 chromosomes were tested. Table 7-5, shows the minimum cost schedule obtained
using each of the mentioned methods and the deviation from the best-found solution is
presented. For this reason, the initial values for P., Py, Ngen and Ny, are set to 80%, 20%,

2000, 20 respectively.

Table 7-5 Minimum Cost Schedule obtained from different selection schemes

que edule Co Devia
Roulette Wheel 19,671,621 0.00

Tournament 19,509,397 0.82
Random 41,292,848 -109.91

Schedule Cast (Millions}

Generations

—— Roulelie Wheel - # - Random Tournament |

Figure 7-8 Comparison of selection methods performances

As indicated in Figure 7-8, the random search does not converge to a minimum cost
schedule. In fact, as the number of generation ascends the fitness of the found schedules
deteriorates. This is mainly due to the fact that fitness of the chromosomes is not considered
in selection of chromosomes for genetic reproduction processes in this method. In the other

hand, the roulette wheel and tournament methods converge to minimum cost chromosomes.

ﬁ
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These methods show a higher convergence rate in the first 50 generations and thereafter the
convergence rate was stayed at the same rate in case of roulette wheel method. As indicated
in Figure 7-8, the tournament selection method mostly shows slightly higher and gradual
convergence and it tends to find lower cost schedules than the roulette wheel method. This

can be observed after 400 generations and it is more evident after 1000 generations.

In the tournament selection method, the chromosomes are selected from the selection pool
for mating. An analysis was conducted to study the impact of selection pool on the GA
operations. This analysis was conducted using 60 chromosomes to initiate the GA
operations with. The result indicated that tournament size of 40 chromosomes leads to a
better schedule cost. The performance obtained by using different size of pool and their

percentage improvements are presented in Table 7-6.

Table 7-6 Impact of selection pool size on the GA Performance
Selection Pool Average Schedule

0/ ’
= Yo| Improvement
Size 74| I

2 20,673,289 0
10 20,144,349 2.56
20 20,164,129 2.46
30 19,191,721 7.17
40 19,176,412 7.24
50 20,150,632 2.53
60 20,309,909 1.76

Generally, a small size of pool consists of only a few best solutions and allows limited
mating. However a large selection pool contains both good and bad solutions and normally
generates low quality solutions after mating. The above results indicates using tournament

size 30 or 40 would be more effective in searching for the best schedule.
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Figure 7-9 Impact of Tour size in Tournament selection

7.3.2.1 Selective Pressure

One parameter to measure the population diversity is the sclective pressure. The
population’s diversity is characterised as small when the minimum population fitness and
the average fitness are almost the same. When this condition holds, the chromosomes in the
entire population are almost the same and therefore the population is converged. The high
selective pressure increases the number of identical solutions and decreases the population
diversity. Table 7-7, illustrates selective pressure measures for each available method. The
values presented in this table are the average of three independent replications using
different seed values. Each replication was run for 2000 generations. Also Figure 7-11,
displays the selective pressure plot as the number of generations increase for selection

schemes.

Table 7-7 Selective Pressure measures

Average Selective Pressure(%)
Selection Methods
Max Average Std.

Random (+/-)5.25

Tournament (+/-) 4.90
Roulette Wheel (+/-) 4.89
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Selection Method Analy

Selection Pressure{%)
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Figure 7-10 Selective pressure variations

A number of observations could be drawn from these data:

e Roulette Wheel selection method showed high selective pressure across all generations
(i.e.77.48 %)

e In this method an early rise in selective pressure was evident and thereafter it was
maintained throughout the genetic process.

e Tournament selection schemes, showed slightly lower selective pressure with a higher
variation of selective pressure throughout the genetic process. In almost all generations
the selective pressure is lower than that of the roulette wheel. There was a significant
drop in selective pressure from generation 550 to 900.

e Random selection method shows the least selection pressure of all these methods. It
starts with relatively lower selection pressure and it gradually increases. It reaches its
peak at around generation 1050. It then felt back to lower selection pressure 1850.

e Random search provides higher diversity within the populations. In this way it
introduces bad chromosomes for reproduction and it results in generation of relatively

poor quality schedules.

7.3.3 Evaluation of Crossover Operators

Crossover operation is a GA reproduction process resulting in generation of new solutions
and exploration of solution space. As described before there are there crossover operators

developed in this application. To show the impact of these operators the initial parameters

_———
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were kept constant and GA runs were set using different crossover methods. The initial
parameters were set t0: Nge,= 3000, Initial population size = 20, P.=80% and P,=20%. The
results are indicated in Table 7-8, Table 7-9, Table 7-10 and Table 7-11. Also, Figure 7-11,
Figure 7-12 and Figure 7-13 demonstrate the impact of these crossovers graphically.

e Crossover 1, Mutation 1:
Table 7-8 statistics for Crossover 1-Mutation 1

[ ]

Average 15,542,588.21
Std. [+/-] 688,570.88
Max 24,887,911.80
Min 14,077,801.94
Delta 10,810,109.86
Min @ Generation: 475

Crossover 2, Mutation 1:
Table 7-9 Statistics for Crossover 2-Mutation 1

Average 15,679,066.09
Std. [+/-] 451,343.98
Max 20,841,923.86
Min 14,099,143.58
Delta 6,742,780.29
Min @ Generation: 874-876

Crossover 3, Mutation 1:

Table 7-10 Statistics for Crossover3-Mutation 1

Average 15,502,454.58
Std. [+/-] 523,078.14
Max 22,878,944.56
Min 14,074,349.12
Delta 8,804,595.44
Min @ Generation: 937

GA perfomance
Average
std.

Max
Min
Delta

15,542,588.21

Table 7-11 Impacts of Crossovers

15,679,066.09

15,502,454.58

688,570.88

451,343.98

523,078.14

_24_887 911. 80

10.810.109.86

20 841,923.86
14,099,143.58
6,742,780.29

22 878 944 56 _

8.804,595.44

475

874-876

937

Min @ Generation

-208-



Chapter 7: Results and Evaluations

216
205

195 %

Millions)

185 4|

175 1§

156

145

135

o M n h 4 ~NOoO M o o - (=] © n - ¥ @®
B8IHCERITB BB YN UEETRRERERYRE
Generation

Figure 7-11 GA Performance using Crossover 1- Mutation 1
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Figure 7-12 GA performance using Crossover 2, Mutation1
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[ 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400 2600 2800 3000
Generations

Figure 7-13 GA Performance using Crossover 3, Mutation 1

As indicated in Table 7-11, the developed crossovers converge to relatively similar
schedules. This is more evident in the case of crossover typel and type 3. However, it can
be observed that crossover type 1 performs relatively better in a way that it is converged to
this solution in less number of generations. Also, this method presents higher standard
deviation suggesting higher diversity between generated schedules. In addition, crossover
type 2 is also converged to similar schedules as found using crossover type 1 and 3.
Although the schedule obtained using this method has slightly higher cost but it was

reached in less number of generations.

7.3.4 Evaluation of Mutation Operators

Mutation is the other genetic operation that generates new chromosomes away from the
current neighbourhood allowing the algorithm to explore a wider region. There are two
mutation techniques developed in this application. In the last section different crossover
methods were evaluated using mutation type 1. Similar sets of experiments were conducted
using mutation type 2. The initial parameters were set as before to: Number of generations
= 3000, Initial population size = 20, P=80% and P,=20%. Table 7-12, Table 7-13, Table
7-14 and Table 7-15 are used to show the impact of mutation type 2 using different
crossover methods. Also, Figure 7-14 Figure 7-15 and Figure 7-16 show the impact of such

mutation graphically. The followings are the observations form this conduct:

ﬁ
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Crossover 1, Mutation 2:

Schedule Cost (Milllon)

-
©

Table 7-12 Statistics for Crossover1-Mutation 2

Average 15,919,361.21
Std. [+/-] 462,839.11
Max 23,657,558.88
Min 14,281,974.45
Delta 9,375,584.43
Min @ Generation: 707

333."—’858%%58§38
A MWL OON~NDR - o T
ErFrfF R IircrEfrsre AN N &

Figure 7-14 GA Performance using Crossoverl, Mutation 2

Crossover 2, Mutation 2:

Table 7-13 Statistics for Crossover2-Mutation 2

2492

2581

2670

2759
2848

2937

Av%gg 19,793,508.55
Std. [+/-] 781,675.50
Max 24,989,949.09
Min 17,598,223.04
Delta 7,391,726.05
Min @ Generation: 1009-1111
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Schedule Cost(Millions)

Generations

Figure 7-15 GA Performance using Crossover 2, Mutation 2

e Crossover 3, Mutation 2:
Table 7-14 Statistics for Crossover3-Mutation 1

Average 17,959,668.13
Std. [+/-] 615,918.00
Max 22,414,896.11
Min 15,786,633.96
Delta 6,628,262.16
Min @ Generation: 477-481

23
22 |

21 |

n
=]

Schedule Cost (Milllons)
®

0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400 2600 2800 3000
Gnerations

Figure 7-16 GA performance using Crossover 3, Mutation2
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Table 7-15 An overall im

Average
15,542,588.21

(+/-) 688570.88

15,919,361.21
15,679,066.09

462839.11
(+/-) 451343.98

20,841,923.86

19,793,508.55
15,502,454.58

781675.50
(+/-) 523078.14

22,878,944.56

24,989,949.09 |

17.959,668.13

(+/-) 615918.00

22,414,896.11 | 15:#¢

nact of crossovers and mutations on GA

Min

14,077,801.94
14,099,143.58]
14,074,349.12

10,810,109.86

performance
Min @ Generation

3| 9,375,584.43

6,742,780.28

874-876

7,391,726.05
B8,804,595.44

1109-1111

5| 6,628,262.16

Table 7-15, provides a summary of results obtained in using different crossover and
mutation methods in this application. One can observe that introducing mutation type 2
allows higher diversity within the found solutions. This is more evident as the average
fitness values are higher using mutation type 2. However, using this mutation did not direct
the search to a better solution as the minimum cost schedules from each crossover method
is higher than the solution reached using mutation typel. This indicated that mutation type
2 might require greater number of generations to converge to minimum cost schedules as

gained using mutation typel.

7.3.5 Evaluation of Elitism Mechanism

Propagation of best chromosomes from current population to the next population is crucial
for convergence. The number of elite chromosomes copying to the next generation is a vital
factor for faster convergence but copying more chromosomes may decrease population
diversity. To show the impact of elitism on GA performance, an initial population of 14
chromosomes is considered. Sequentially the number of elite chromosomes is increased to
investigate this impact. Table 7-16, shows the impact of using the elitism on the best-found

solution and its deviation from this schedule.

Table 7-16 the impact of Elitism on schedule cost

Number of Elite Average

. : %] Deviation
Schedule Cost 0]

chromosomes

0 23,829,559

2 22,569,709 5
4 21,382,572 10
6 20,440,301 14
8 19,613,368 18
10 18,139,742 24
12 16,991,067 29
14 17,938,833 25

ﬁ—
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Figure 7-17, illustrates the impact of elite chromosomes on the GA search. It can be
observed from this figure that as the number of elite chromosomes increases the initial
convergence increases too. This initial convergence assists in finding a better minimum
cost schedule. However, as the number of elite chromosomes reached the population size,
the minimum cost schedule found is trapped at local minimum of 17,938,833 and thereafter
the search stayed at the same value. This suggests as a result of too many elite
chromosomes, the selective pressure increases and therefore it deteriorates the search and it
stops at local minimum. This is further demonstrated in Figure 7-18. This scenario indicates

using 12 chromosomes out of 14 provides better optimum solution.

Schedule Cost (Mlllions)

18
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Figure 7-17 Impact of Elitism on GA performance
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Figure 7-18 (%) schedule cost reduction using Elitism

7.4 Experimental Results and Discussions

The following points can be concluded from the conducted experiments in evaluating this

GA application.

e TORA is a linear optimisation system considering supply and demand levels and the
costs to transport supplies to demand. This is a single objective optimisation tool
aiming to minimise the transportation cost. This approach is not concerned about
resource limitations and many other real constraints that exists in the system. Using this
approach the minimum cost transportation was amounted 280,959.17 Km. The obtained
result from TORA could be misleading, if the difference between GA problem
formulation and this application is not considered.

e The developed GA was not primarily designed based on the general transportation
problem. It was designed to considered many real system constraints concerning
resources and routes. Using this optimisation application the minimum transportation
cost was amounted to 292,000. This value was reached after 950 generations. It is
obvious the GA search is searching for the minimum transportation cost as it obtained
transportation cost is close to the one from TORA, having considered the differences in

problem formulations.
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e Comparing the developed GA optimisation tool with random search, showed superior
performance by GA tool. Using random search, the minimum schedule cost was about
21,763,302.23 unit cost. This was obtained after 10,000 generations.

e However, using GA search a minimum schedule cost was obtained amounting to
17,657,026.54 unit cost. This solution was reached after 2649 generations in less time
than the random search.

e The GA outperformed the Random search and it operates closely to TORA linear
optimisation tool. Considering the difference between problem formulations in GA
application and TORA optimisation tool, one can conclude that the GA search tends to
move to the minimum solution.

e A series of experiments were conducted to find the optimum values for P, and Py,
parameters of GA. These experiments statistically showed crossover probability of 80%
and mutation probability of 20% results in minimum cost schedules. The average
minimum schedule cost was about 15,684,021 unit cost.

e Also conducted experiments suggest that an increase in population size improves GA
performance. However large population sizes results in scattering of the genetic search
all over the solution domain and therefore deteriorating the minimum solutions and
requiring further time to converge to minimum solution. In the other hand small
population size restrict the search space to around the small neighbourhoods resulting in
poor quality solutions.

e Further to the above point as the population size increases so does the computation
time. Therefore there is a trade of between good solution and calculation time. The
computation time varied from less than 1 hour per generation to 14 hrs per generations.
Therefore it is vital to choose proper population size leading to minimum cost schedule
in reasonable time.

e Population size 30 or 40 demonstrated good solution qualities and also they required
less than 2 hours calculation times per generation.

e The selection methods as one of the main genetic operation could impact the GA
performance immensely. The conducted experiments suggest the use of random
selection method does not lead the search to minimum solution. This is mainly due to
the fact that the fitness of the chromosomes is not considered in selection of the

chromosomes for genetic reproduction process.
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e The Roulette wheel and tournament selection method both converged to similar
minimum cost schedules. However, it was noted that Roulette wheel method showed
high selective pressure across all generations, where as tournament method showed
slightly lower selective pressure allowing better exploitation of the search space.

e In tournament method, chromosomes are selected from selection pool for mating.
Analysis showed an increase in the pool size would initially improve the solution
quality. However large pool sizes also deteriorated the search as it allows existence of
low quality chromosomes within the pool. Experiments suggested pool sizes of 30 and
40 demonstrate better quality solutions.

e When comparing crossover methods developed for this application, it was understood
that these methods tend to converge to similar minimum cost schedules. However,
crossover type 1 seems to reach the minimum schedules in less number of generations
and this is followed by crossover type2 and then finally type 3.

e Also, when comparing mutation operators, the conducted experiments suggest that
mutation type 2 introduces more diversity within the population. However, this
diversity does not help to reach the minimum cost schedule in less or similar number of
generations as it does in the case of mutation type 1 operator. Using type 2 operators
decreases the quality of the solution obtained.

e Assessing the impact of Elitism on GA performance suggests that introducing elite
chromosomes to proceeding generations improves the quality of solutions reached.
However, as the number of elite chromosomes reached the population size the
minimum cost schedule was trapped at local minimum. This indicates too many elite
chromosomes results in high selective pressure and therefore immediate convergence to
local minimum.

e The conducted experiments were used to investigate the GA performance and its
general behaviour during the simulation runs. One main conclusion is the fact that this
GA is performing as expected based on leanings from different GA applications.
However, there are points of improvements that must be considered to further enhance
the GA performance. One area that could further help in finding better quality solutions
is development of new crossover and mutation mechanisms. In addition intelligent
methods could be used to decrease the selective pressure during the search to prevent

any premature convergence to local minimum.
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7.5 Supply Chain Simulation Evaluations

Once near optimum transportation schedules are generated using the GA engine. Then the
simulation model developed was used to evaluate the applicability of the optimum cost
schedule. To this effect a number of tests have been conducted and the followings represent

results concluded from these evaluations.

7.5.1 LPG Inventory Analysis

LPG inventory level at bottling plants plays a great role in customer service level and also
on the operational cost of the supply system. For this reason monitoring the impact of the
generated near optimum GA schedules on the inventory levels at bottling plants could be a
great source of evaluation and analysis. For this reason, the following section illustrates the
impact of transportation schedule on the inventories that are present in this supply chain.
The analysis are preformed by considering LPG daily inventory levels, accumulated daily
delivery patterns, demand rate, LPG volumes entering and leaving the bottling plants. The

following sections cover 4 main bottling plants and the rest are presented in Appendix G.

7.5.1.1 LPG Inventory at Babol Bottling Plant

Figure 7-19, demonstrates the LPG daily Inventory level, the delivery pattern and the
demand rate for the Babol Bottling plant. A number of points can be concluded as indicated
in this graph:

A: This point illustrates a sharp drop in the inventory level. The inventory level started at
77 tones of LPG, then it rose to 120 and it gradually decreased to 33.64. This decline in
inventory level is mainly due to the fact that there are very few deliveries from day 7 up
to day 12.

B: This point indicates high number of deliveries from day 12 up to 27, resulting in high
inventory level in this bottling plant. In general, if there is not enough free capacity in
the inventories (i.c. at lease 18 tones), trucks are held in queues. As a result, trucks
delivering to this bottling plant are faced with high queue time and possible late

deliveries for latter operations.

-218-



Chapter 7: Results and Evaluations

Babol Inventory Analysis
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Figure 7-19 Inventory Level, Demand and Delivery analysis for Babol BP

C: Considering the schedule completion time to be 30 days and the deliveries are to be
finished during this period. There are only a few deliveries from day 27 up to 30, while
there are series of deliveries during day 33 and 34.

D: This point illustrates a sudden drop of inventory to a minimum point of 0.022 tones of
LPG. This highlights out of stock situation where customer’s demands are not met.

E: This final point suggests that the schedule completion time is above 34 days, which is

above the required 30 days.

Figure 7-20, illustrates LPG volume entering and leaving the inventories in this plant. It
highlights those time periods where inventory levels are critically reduced, facing possible
inventory shortages and ultimately missing customer demands as described in earlier

points.
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Babol LPG Volume In/Out Analysis
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Figure 7-20 LPG volume into and out of Babol Inventories

7.5.1.2 LPG Inventory at Esfahan Bottling Plant

Similarly the inventory level at Esfahan bottling plant is investigated and looking at Figure
7-21 and Figure 7-22 the following points were observed.

Esfahan Inventory Analysis

140.0 1200

120.0 |

1 100.0

100.0

80.0

60.0

Inventory Level (Tones)

40.0

[~}
=3
(=1
Cumulative number of dellveries

40.0 §

200
20.0

0.0

Days ~-’
- #—Invi Lovel —#—Demand NO, DELIVERIES |
Figure 7-21 Esfahan Inventory analysis

A: This point suggests a sharp drop of Inventory level from 132 to 0.1 tones of LPG.
During day 10 to 22, there are a number of deliveries pushing up the inventory level.

However, the overall inventory level stays less than the demand rate and therefore
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resulting in LPG shortages. Figure 7-22, further illustrates the possible inventory
shortage during day 10 to 21.

B: In contrary to the last point, there is a sudden increase in number of deliveries from day
22 to 34. As a result the inventory level has reached the maximum possible capacity.
This would lead to further queue time and possible late deliveries for trucks.

C: This point indicates the current schedule results in late completion time above 38 days,

which is much higher than the required 31 days.
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Figure 7-22 Esfahan LPG Volume analysis

7.5.1.3 LPG Inventory at Karaj Bottling Plant:

As illustrated in Figure 7-23, point A and C are used to indicate the lack of LPG supply
during day 15 to 28 and from day 40 onwards. Also, schedule completion time is about 40
days as shown in point B. Also, Figure 7-24, further illustrates that the daily LPG supply is
relatively the same as the LPG consumption rate. This results in low LPG availability

across the delivery time period.
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Karaj Inventory Analysis
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Figure 7-23 Karaj Inventory analysis

Karaj LPG Volume InfOut Put Analysis

2500 |

Inventory Level (Tonnes)
g
o

500

1 3 5 7 9 1" 13 15 17 19 21 23 25 27 29 3 a3 35 37 39 4
Days

—=—VIN VOUT |

Figure 7-24 Karaj LPG volume analysis

7.5.1.4 LPG Inventory at Mashhad Bottling Plant

Figure 7-25 highlights the following points about this bottling plant.

A: There is a high number of LPG deliveries during day 4 to 21, indicating high holding
inventories during this period.

B: This point suggests late deliveries made during day 33 and 34.

C: This point like the last point highlights the fact that this schedule does not finish within

the required completion time of 30 days.
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Figure 7-25 Mashhad Inventory analysis
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Figure 7-26 Mashhad LPG volume analysis

7.5.2 Simulation Analysis

Based on the above inventory simulation analysis, one can conclude that although the

generated optimum schedule from GA presented a competitive solution, but it falls short in

certain areas. These are explained as follows:

e One important point is the fact that GA presented a schedule with total completion time
of almost 25 days. However, once implemented in the simulation model, there were
cases showing delivery times as high as 40 days, considering the fact the time horizon

for these schedules was set to 30 days.

ﬁ
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e This prolonged deliveries, indicate the lack of stochastic and dynamic consideration in
the GA optimisation tool. The behaviours such as breakdowns, repair times and
queuing times that could happen in daily activities are not considered in the GA
solution and therefore resulting in inaccurate specification of the final completion time
for the schedule.

e In addition, although GA did not encounter any LPG Inventory shortage costs, it was
evident from the above analysis that a number of Bottling plants encountered very low
supply of LPG that could lead to eventual shortages and customer dissatisfactions.

e Further to the above point, the lack of LPG availabilities resulted in low service level
provided by this supply system. Based on the simulation model the overall service level
provided by this system was 76.8%.

e Also, there were cases indicating high numbers of deliveries are made during periods
and therefore trucks delivering to the plants are faced with long queue time for

unloading operation takes place.

753 Solution Improvements

To address the above discrepancies, one can conclude from the simulation model that there
is a need of a constraint that limits the total deliveries per day for each bottling plant. This
constraint could be based on the upper and lower limits to be specified by the user. In
addition, the completion time is not sensitive enough for the current optimum schedule,
therefore addition of further penalties could help the GA to search for schedule with less

completion time and therefore addressing prolonged deliveries.

For this reason, constraints were added to specify lower and upper bonds on the number of
LPG deliveries per day for each bottling plant exists in the system. Also further penalties
were defined on the completion time. The GA was initiated again to find better solutions.
The following section illustrates the impact of new modified solution for the main bottling
plants considered. Appendix G provides data on the other existing bottling plant in the

system.
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7.5.3.1 LPG Inventory Improvement at Babol Bottling Plant

The GA constraint on the number of required deliveries for this bottling plant was updated.
The lower limit on number of deliveries per day was set to 2 and the maximum was set to 4
per day. Setting these values, the GA search was set to find a better schedule. The overall
results are shown in Table 7-17. Figure 7-27 and Figure 7-28 represent the impact of the
new delivery schedule using the updated constraint. As shown in Figure 7-27, there are no
sudden drops of LPG inventory levels leading to possible shortages. Also, the delivery
pattern or LPG arrival to the bottling plant was improved resulting in continuous supply of
LPG. Also, Figure 7-28 suggests that the initial inventory level or safety stock has stayed
relatively at same level during this period. Finally, it is obvious that the completion time for

this delivery was improved from 34 day to 30 days, which is one of the main requirements.

Table 7-17 Babol Invento
Inventory Level LPG
(Tones)

Statistics

Before

Inventory Level (Tonnas)

140.0

Average 109.6
Stdev. (+/-) 48.26 (+/-) 9.01
Max 120.00 119.8
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Figure 7-27 Babol Inventory analysis after Modifications
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Figure 7-28 Babol LPG volume analysis after modifications

7.5.3.2 LPG Inventory Improvement at Esfahan Bottling Plant

The GA constraint on the number of required deliveries for this bottling plant was updated.
The lower limit on the number of deliveries per day was set to 3 and the maximum was set
to 5 per day. As shown in Figure 7-29 and Figure 7-30, the Inventory level was kept at
more stable level facing no shortages during the time horizon. The improvement after this

modification is further supported in Table 7-18.

Table 7-18 Esfahan inventory statistics

Inventory level LPG
(Tones)

Average 47.66 109.12
Std. (#/-) 37.58 | (+/-)25.15
Min 132.00 52.23
Max 0.10 132.00

Before

However, as indicated in Figure 7-29, there are no deliveries made during day 19 up until
21. This lack of delivery did not cause any out of stock situations. However, improving this

gap could greatly help in reducing the total delivery cycle time.
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7.5.3.3 LPG Inventory Improvement at Karaj Bottling Plant

The lower limit on number of deliveries per day for this plant was set to 4 and the
maximum was set to 6 deliveries per day per day. Figure 7-31 and Figure 7-32 illustrate the
impact of modification on the Inventory level. It is obvious that both inventory shortages
and high completion times are addressed by updating these constraints. Also, Table 7-19
demonstrates these modifications quantitatively. It is obvious that the inventory level is
kept high most of the time. One way to address this is to allow for lower safety stock level

or to relax the daily operation limits.

ﬁ
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Inventory Level LPG

Before

(Tones)
Average 337.6
Stdev. (+/-) 45.27 (+/-)47.75
Max 0.01 360.0

Min 156.86 133.5
Table 7-19 Karaj Inventory analysis
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Figure 7-31 Karaj Modified Inventory Analysis
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Figure 7-32 Karaj Modified LPG volume analysis

7.5.3.4 LPG Inventory Improvement at Mashhad Bottling Plant

The lower limit on number of deliveries per day for this plant was set to 1 and the

maximum was set to 3 deliveries per day per day. Table 7-20 and Figure 7-33 indicate that

ﬁ
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there are no LPG shortages across the schedule. Also, all the deliveries were made within

the 30 days limit. Finally, the inventory fluctuations are further normalised.

Table 7-20 Mashhad Inventory Statistics

Inventory Level LPG
(Tonnes)

Average 107.54
Std. (+/-) 21.69| (+/-) 13.49
Max 0.00 34.22

50.00 119.73

Before After

Cumulative Number of Deliveries

Invnetory Level (Tonnea)

Figure 7-33 Mashhad Modified Inventory Analysis

7.6 Concluding Remarks

Obviously, using the simulator to evaluate the optimum generated schedules highlighted a
number of shortfalls in implementing such plans in the real world. This approach could
greatly influence the applicability of the GA generated schedules and provide better
confidence to implement transportation plans across the board. Also, it is important to
mention that the simulation time to run such transportation schedules was low enough as
this tool was used to evaluate rather than to generate the schedules. In average each

replication of such schedules would take up to 30 minutes.

As shown in the last section, setting appropriate limits on the number of daily operations
and completion time constraint has made GA to search for better schedules. Therefore

e
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resulting in identification of higher quality solutions. Also, the improvement achieved at
each individual bottling plant resulted in an overall improvement for the supply system
modelled. The service level was improved to 95.6%. The integration of Genetic Search
Engine and the Simulation Model from the supply chain system was proven to be necessary
and effective. This integration allows flexibility in generating transportation schedules and

it provides higher confidence in implementing such schedules in the real system.

Also, it must be mentioned that setting optimum initial parameters for the GA was fairly
difficult task and time consuming. Further, enhancement of Genetic reproduction methods

and application of adaptive techniques could greatly influence the GA performance.
Finally, further automation at the simulation level such as automatic feed back from the

Simulator to the GA could be useful. Here, the application of Neural Networks or Expert

Systems could be valuable.
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8.1 Introduction

Logistics management as a component of the supply chain includes a set of activities
executed to obtain delivery of products from supply to demand locations. In general, a
typical logistics manager is focussed on the effective resource planning of the distribution
system so that the products are delivered on time to meet the demands. The effectiveness of
this process can be evaluated based on the balance between the high service level provided
by the company and the corresponding total cost in achieving the service level.
Transportation is one of the key activities of logistics management and it plays an important
role in both physical supply and distribution phases of the logistics. Typically

transportation costs range between one-third and two-third of total logistics costs [1].

One area that determines the efficiency of transportation management is the Vehicle
Routing and Scheduling activities (VRS). Managing VRS processes in supply networks is
mostly perceived as uncertain, non-linear and increasingly complex. This complexity will
be even more evident with increased competition and changing demands in the
marketplace. Therefore, handling the VRS operations in the supply network would call for
new approaches to better understand logistics processes and also new method and models

to deal with logistics operations and activities in a more effective way.

The VRSP could be formulated as a NP-Hard combinatorial problem and to address such
problems an extensive survey was conducted in chapter 2 and 3. Some of the early
approaches used are optimisation methods such as Integer Programming (IP) and Dynamic
Programming (DP) to formulate VRS problems. Also, Heuristics as alternative approaches
were introduced requiring reasonable computation time in generating solutions close to the
optimum. Heuristics typically use one or more strategies such as construction,
improvement, component and learning to search for the optimum or near optimum
solutions. Also, some widely used general-purpose heuristics to address combinatorial
optimisation problems are such as tabu search; simulated annealing and genetic algorithms.

Furthermore, metaheuristics as a better approach were introduced latter. The quality of

e ——————————————
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solutions produced by these methods are usually much higher than that obtained by

classical heuristics and algorithmic approaches.

Using the above methodologies, DSS and computer-based applications were developed to
support managements with VRS problems. However, literatures [3, 71, 163] suggest that
despite the large potential benefits of such systems, in practice organisation failed to adopt
to these systems and very few organisations changed from their traditional practice. The
majority of vehicle routing and scheduling activities are highly dependent on experienced
personnel and it is performed manually especially within Small to Medium Sized
companies (SMEs). A number of limiting factors reasoning the lack of computer
applications in this field can be concluded from earlier survey conducted in chapter 2 and

chapter 3:

e The traditional optimisation approaches such as IP and DP, have very limited
applications as they only deal with problem of small size. Also, these approaches
require large data storage and high computation time when faced with real world
complex problems.

e The heuristic approaches were capable only to specific variation, a slight difference in
the structure of the problem made the algorithm inefficient. This is mainly due to the
mathematical structure of these approaches, which presents a number of disadvantages.

e Methaheuristics methods to VRSP provide solutions with higher quality than that
obtained by classical heuristics. However, these methods require higher computation

time and they are context dependent.

Also, further investigation on the problem formulations used to address VRS problems in

logistics highlighted a number of drawbacks as specified in chapter 3:

e Itisapparent that the presented heuristics, Metaheuristics and algorithmic approaches to
VRS problems were not solving the problems actually faced by the vehicle fleet
operators. The real problems had complexities and element of subjectivity and
uncertainty measures, which could not be included in existing algorithms.

e The heuristics approaches usually address a single objective of distance minimisation.

However, in the real world there may be a number of conflicting objectives based of

————
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different factors such as cost, delivery times, fleet size, customer service, convenience
factors, human factor considerations, route type and many others.

e Similarly, these problems are restricted considering vehicle capacity and distance
constraints in the VRS problems, which may be only a small part of the real constraints.
Constraints may include delivery time windows, the need for equitable workloads,
driver shift pattern, restricted vehicle access, preferred routes, vehicle types and etc.

e In general one can observe the lack of considerations for route selections, resource
utilisation, unfulfilled demands, under used capacities, reliability of deliveries, fleet size
and operational cost in VRS problem formulations.

e Also, it is important to note that these approaches establish linear relationships between
the considering objectives and also constraints. They fail to realise non-linearity within
the objective and the constraints defined for addressing the VRS problems.

e Finally, it is important to mention that the current approaches fail to capture stochastic
and dynamic nature of the logistics processes. For example uncertainty exists in the
availability of raw material at supply sources and demand levels for the final items by

the customers. Also resources availability which is based on it breakdown behaviours.

8.2 Contribution of the thesis

The main contribution of this thesis is the development of a hybrid decision support system
to assist managers with better decision-making. In this developed approach both genetic
algorithm as an optimisation method and simulation modelling have been used to meet the
challenges of vehicle routing and scheduling in supply chain logistics management. The
developed DSS presents a number of novel features, which have not been addressed in

existing approaches. These are such as:

e The genetic search allows formulation of both single and multi-criteria VRS
optimisation problems. It provides a flexible means to define linear and non-linear
relations that may exist both in terms of system’s objectives and also constraints. The
non-linear options are developed based on the Exponential, Sin and Natural logarithm

functions.
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e In this application, the logistics performance measures could be also considered as part
of VRSP problem formulation. This is to address the general lack of considerations for

such metrics in existing VRSP approaches.

e The developed system allows incorporation of constraints from the real system. In

general constraints could be modelled as either soft or hard type.

e Violation of any hard constraint results in infeasibility of the solution. In such case the

solution are repaired using the repair techniques developed for this application.

e In the other hand soft constraint refers to those limits that can be violated and does not
impact the feasibility of the solution. Penalty methods are used to justify the violation
of the soft constraints. This allows getting some information out of infeasible solutions,
and therefore extending the search space. The penalty method applies to the soft

constraints here in this application.

e This application facilitates a better approach on handling route selections, resource
utilisation, unfulfilled demands, underused capacities, environmental, safety, reliability
of deliveries, fleet size, human factors, inventory analysis and operational cost in VRS

problem which are not properly accounted for in the existing methods.

e This DSS provides a pool of solutions (i.e. near optimum schedules) allowing

alternative solution considerations to assist management in decision making.

e The simulation module provides a more flexible way to incorporate stochastic, dynamic
and complex relations that exists in logistics systems, which are also neglected in
conventional approaches. The potential benefit in using optimisation simulation
integration is the reduction of computation time and technical sophistications. The
optimisation and simulation modules could be used as either a stand-alone tool or in

conjunction together providing more user flexibility.

8.3 Future works

The following areas could be considered as the potential area for future work on this work.
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8.3.1 Genetic algorithmsearch Enhancements

There are some potential areas that could be used to enhance the GA search performance.

These areas are such as:

8.3.1.1 Selection Method:

Further research could be carried out to modify selection method to provide a better control
on selective pressure. As an example methods introduced Brindle [164] such as
deterministic sampling, remainder stochastic sampling without replacement, stochastic
tournament, remainder stochastic sampling with replacement and stochastic universal

sampling introduced by Baker [165] could be investigated for this propose.

8.3.1.2 Genetic Reproduction Methods:

The proper choice of crossover and mutation operators is critical for the successful
implementation of genetic algorithms. Different crossover and mutation operators are
suitable for different problems even for different stages of the GA process in a problem.
Determining which crossover and mutation operators should be used and also their
respective rates are quite difficult tasks and they are usually performed by trial and error.
To this effect, it could be very uscful to further study on the possible crossover and
mutation methods to assist in better exploration and exploitation of the solution space.
Also, possible investigation on using multi parents for genetic reproduction process could
be useful as suggested in [166]. Also, Appendix B provides further crossover and mutation

types that could be used to enhance the GA performance.

Another interesting area would be investigating principle of Dynamic Genetic Algorithm
(DGA) [167]. This method simultaneously uses more than one crossover and mutation
operators to generate the next generation. Also, the ratios of these operators are changed

along with the evaluation results of the respective offspring in the next generation.

8.3.1.3 Adaptive Techniques:

Also investigation on adaptive techniques for GA control parameters could greatly improve

GA performance. The adaptive techniques could be used to control the selective pressure to

_— - ———0>——————x—
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prevent premature convergence. Appendix B provides some works in this filed which are

worth further investigation to improve this application.

8.3.1.4 Multiple Population

The use of multi population instead of current single population could bring some
improvements for this GA application. Researchers [168, 169] have found Multi
Population GA (MPGA) to be more effective both in speed and solution quality. Some
features of this approach are:

e They would shorten the number of generations needed to find the optimal or near
optimal solution.
e They usually can find more than one optimal solution,

e They have more resistance to premature convergence.

Therefore, further investigation on this method could contribute to the GA performance.

Appendix B provides further details on this approach.

Several researchers have shown parallel/multi-population GA for different applications
yield better performance than single population implementations [170, 171]. To this effect,
further study on how to formulate the objective function to use the concept of Parallel GA

would help reduce the computation time in this work.

8.3.1.5 Pareto- Genetic Search developments

Some initial work has been conducted to use the concept of Pareto- optimality principle in
this application. However, it is not totally completed. One of the advantages of this system
would be the GA becomes independent from cost calculation parameters. This could
provide better accuracy in problem formulation. One potential area of further research
would be to complete this algorithm and to perform further comparison with current

developed approach.
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8.3.1.6 Independent GA

Currently, the GA search engine communicates intensively with SQL server to transfer and
store data. This application could be further improved to function independently from SQL

server and therefore improving computation time.

8.3.1.7 Object library
Using object oriented concepts; one could develop an object library to further provide
flexibility in defining any type of constraints and objective functions for this application.

This requires great programming knowledge.

8.3.2 Expert system

Currently, a human expert uses the data from the simulation analysis to update constraints
and objective function cost parameters for re-optimisation process. This operation could be
further improved using Expert systems or Neural Networks to learn from the simulation

model and adapt the changes in the GA search module.
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#

A.1 Integer Programming (IP):

The following sections describe different approaches for solving integer-programming
problems.

A.1.1 Enumerative techniques

This approach, which involves enumerating all possibilities, is the simplest method to solve
integer-programming problems. However, due to the large solution space resulting from the
parameter size, only the smallest instances can be solved by such an approach. Usually
constraints can implicitly eliminate many possibilities. The most commonly used
enumerative approach is called branch and bound enumeration [A-1] where branching
refers to the enumeration part of the solution technique and bounding refers to the grouping
of possible solutions by comparison to a known upper or lower bound on the solution
value.

A.1.2 Relaxation and decomposition techniques

An alternative approach to the solution of integer programming problems is to take a set of
complicating constraints into the objective function. This method is known as Lagrangian
relaxation [A-2]. This involves removing the complicating constraints from the constraint
set, the resulting sub problem is considerably easier to solve. The resulting sub problem
must be solved repetitively until optimal values for multiplies are found. The bound found
by Lagrangian relaxation can be tighter than that found by linear programming, but only at
the expense of solving sub problems in integers. This method requires that one understands
the structure of the problem being solved in order to relax the constraints that are
complicating the problem. In addition, the Lagrangian decomposition, involves isolating
sets of constraints so as one can obtain separate, easy problems to solve for each of the
subsets.

A.1.3 Cutting planes approaches

This approach was first introduced by [A-3]. The method assumes that all the data is
rational. The implications of this are that the fractions can be cleared so that all constrains
have integer coefficients. New constraints called cuts are introduced into the problem one at
a time which progressively removes non-integer parts of the feasible region. This method is
described as follows [A-1]:

This technique starts by first dropping the integer conditions and solving the resulting
continuous linear program. By using the properties of the optimum continuous tableau, a
constraint can be constructed which slices off part of the solution space such that no
feasible integer solution is ever deleted. The continuous linear program is then solved
subject to the new solution space. If the new optimum is integer, the process ends,
otherwise a new cutting plane is constructed from the new tableau and reapplied to slice off
another part of the new continuous space. The end effect of generating and applying these

special constraints is that at the optimum extreme point of the modified solution space
E——————————————— —————— —————— L,
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should satisfy the integrality conditions of the discrete variables. In this approach one
cannot really tell in advance how many cuts should be generated before the integer
conditions are realised.

A.2 Design Strategies for heuristic algorithms

The following sections briefly explain about four basic strategies used to establish heuristic
procedures. These are taken from [A-4].

A.2.1 The construction strategy

The input for methods based on this strategy is the data, which defines a specific instance
of the considered problem. This method begins by examining data and attempting to
identify an element of the final solution, which is likely to be the part of the final solution.
Next, successive additional elements of a solution are added. Also, some construction
heuristics use some kind of “look-ahead” mechanism. That is, additions are made because
they are likely to be a genuine value in the complete solution. Once the final solution has
been built up it may be obvious that improvements can be easily effected. This strategy is
worthwhile, when it is relatively difficult to generate feasible solutions to the problem.

A.2.2 The Improvement strategy

The input to the methods based on this strategy is a solution to the problem. This solution is
then progressively improved by a series of modifications. In some instances, it may be
impossible to make much more progress and yet the final product may still be far from
optimal. This strategy is useful when it is relatively easy to generate starting solutions. A
variety of solutions can be used as input and the best final result chosen, also, this strategy
could be used to convert an infeasible solution into a feasible one.

A.2.3 The component analysis strategy

In general, there are some problems that are so large or so complicated that the only
practical approach is to break them up into manageable portions. Sometimes these portions
are then dealt with independently by heuristics or algorithms. The solutions for the portions
are then joined to form some master plan. It could be very difficult to join together the
solutions to different components into an acceptable plan.

A.2.4 The learning strategy

Methods based on this strategy often use a tree-search diagram to chart their progress. That
is the different options, which appear at various stages are represented by different branches
of a tree. The sequence of choices made can be traced typically using a path through the
tree. The choice of which branch to take is guided by learning from the outcome of earlier
decisions. The branch and bound search is an example of this strategy.

A.3 General Purpose Heuristics
The following sections provides a number of heuristic methods [A-5]:

A.3.1 Gradient Methods

A number of different methods for optimising well-behaved continuous functions have
been developed which rely on using information about the gradient of the function to guide
the direction of search. The gradient measures the rate and direction of change in a scalar
field. The gradient is simply the derivative of a real valued function of a single variable or it
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is the slope of a linear function. These methods would often fail when the derivative of the
function can’t be calculated due to the discontinuity of the function. The Steepest decent is
a method of this type that approaches a local maximum or a function by taking steps
proportional to the gradient of the function at the current point. If steps are taken
proportional to the negative of the gradient then a local minimum of that function is
approached. Also, Hill climbing is a typical optimisation method of this type. This method
can perform well with only one pick or uni-modal functions. However with multi-modal
functions they suffer from the top of local maximum and no further progress can be made.

A.3.2 Random Search

Random search methods are variations on “rolling the dice” and are therefore called
“Monte Carlo”. The random search routines are usually used for optimisation of complex
designs. Random search algorithms have achieved increasing popularity as researches have
recognised the shortcomings of calculus-based and enumerative schemes. This method
simply involves generating a random number or set of random numbers and using them for
design. In general random search can handle mixed continuous/integer variable situations
and they are not usually troubled by local optima. However, random walks and schemes
must be discounted because of their lack of efficiency. These methods in the long run can
be expected to do no better than enumerative schemes. The genetic algorithmsimulation
annealing are examples of methods that use random process to exploit the search space.

A.3.3 TIterated Local Search (ILS)

The underlying idea of an iterated local search is to build a random walk in the search space
of the local optima generated by the output of a given local search algorithm. This
technique has the advantage of simplicity, and can perform well if the function does not
have too many local maxima. The effectiveness of the local search is important as it
influences the quality of the final solution and the computation time. Typically, random
search and gradient search may be combined to provide an iterated hill-climbing search
method. In this approach once a pick has been specified then the local search (hill-climb) is
started again, but with another, randomly chosen starting point.

The random search is used as a perturbation mechanism, which allows the local search to
effectively escape local optima. However, since the random search is carried out in
isolation, no overall picture of the shape of the domain is obtained. As the random search
progresses, it continuous to allocate its trials evenly over the search space. Therefore, in
this way there would be as many points in regions found to be of low fitness as in regions
found to be of high fitness.

A.4 Separate and Single Origin and destination points:

The followings present a number of problems used to describe separate and single origin

and destination points case as one of the main category of VRPs.

e The Shortest Path Problem: This is a network flow problem that is important from
applied standpoint. The problem here is to determine a path from the source node to the
sink node, which minimises the total cost or time spent in the shipment of a given
amount of flow along that path. All algorithms addressing the shortest path problems
are based upon the following observation [A-6]:

ﬁ
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“if the shortest route between node S and t passes through node k, then that segment of
the route from node s to node k is also the shortest route to mode k. in addition, the
route from node k to node t is the shortest route between those two nodes™.
Shortest-Path Models with Fixed Charges: Fixed charge problems arise when certain
additional penalties or costs are incurred in traversing through one or more nodes in a
network. In general such problems occur when transhipment facilities must be built,
bought, or rented for interim usage. As opposes to the algorithms in the shortest path
problems, in a network with turn penalties, the shortest route from node s to node t
through an intermediate node k may not include the shortest route from node s to node

k, or form node k to nose s.

The K-Shortest Path Problem: It is sometimes desirable to have knowledge of several
shortest paths, ranked according to their lengths, in contrast to simply a shortest path as
preformed in the latter approaches. As an example, transportations planners could use
alternative solutions to model the flow of vehicles in a road network even more
realistically. Therefore, identification of additional solutions provides and alternative
approach for planning when the vest solution is not available or in infeasible.

Minimal Spanning Tree Problem: This problem is found to be useful in many real
world applications. For instance, considering a supply source of a natural gas and there
is a need to supply a number of distinct demand centres from this raw martial supply.
The minimal spanning tree for the supply network would be that distribution system
that would connect all users in a minimum total cost (or distance). Minimal spanning
trees are also often used in sub-optimisation or decomposition of larger, more complex
network algorithms. In general, a tree is a set of connected undirected edges (arcs) that
contains no cycles. As a result, a given set of m nodes connected by undirected edges, a
subset of exactly /m-1] arcs is needed to form a tree. In this way each node is connected
to another node by a unique path.

A.5 Coincident Origin and Destination Points

The following problems are used to describe these categories of VRP [A-T].
e The Travelling Salesman Problem (TSP): This requires the determination of a

minimal cost cycle that passes through each node in the relevant graph exactly once. If
costs are symmetric, which is the cost of travelling between two locations does not
depend on the travelling direction, then this is known as symmetric travelling salesman
problem; otherwise, it is considered as asymmetric or directed travelling salesman
problem.

Chinese postman problem: This requires determination of the minimal cost cycles that
passes through every arc of the graph at lease one time. A Chinese postman problem is
called directed or undirected, depending on whether arcs of the graph are directed or
not. The mixed Chinese postman problem has some undirected and some directed arcs;
this problem is NP-hard.

The Single Depot Multiple Vehicle Routing Problems: This is the classical vehicle
routing problem. This problem requires a set of delivery routes for vehicles housed at a
central depot, which service all the nodes and minimise the total distance travelled. The
demand at each node is assumed to be deterministic and each vehicle has a known
capacity.

The Multiple Depot Multiple Vehicle Routing Problems: This is a generalisation of
the last problem in that the fleet of vehicles now must serve a number of depots rather

W—_—_——_
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than just one. All other constraints from the classical VRP still apply. In addition, each
vehicle must leave from and return to the same depot.

A.6 Vehicle Scheduling Problems (VRSP)
The following problems are used to describe Vehicle Scheduling Problems (VRSPS) [A-7]:

The single depot Vehicle Scheduling Problem (VSP): This requires the partitioning
of the nodes (tasks) into a set of paths in such a way that a certain cost function is
minimised. Bach path corresponds to the schedule for a single vehicle. An objective
function that minimises the number of paths effectively minimises capital costs since
the number of vehicles equals the number of paths. Also, if weight equals to the
corresponding deadhead, then an objective function that minimises total arc weight
effectively minimises operating costs since these are proportional to the total vehicle
travel time. Finally, if capital and operating costs can be quantified, then a combined
objective can be used to minimise total system costs.

Vehicle Scheduling Problem with Length of Path Restrictions (VSPLPR): In this
case, the constraints are placed on the length of time a vehicle may spend away from
the depot or the mileage a vehicle may cover without returning to the depot for service.
This constraint is used to represent fuel restrictions, maintenance considerations, etc.
whereas the VSP can be solved using a polynomially- bounded algorithm, the VSPLPR
is NP-hard.

Vehicle Scheduling Problem with Multiple Vehicle Types (VSPMVT): This allows
the possibility that vehicles with different characteristics are available to service the
tasks. In most cases, the characteristic is vehicle capacity. For instance, in LPG
transportation systems, a truck with small capacity can service the trips with low
demand; regular trucks can serve trips with high demand and either vehicle can service
trips with medium demand. Therefore, in this application, for each task the set of
vehicles that may service it is specified.

Vehicle Scheduling Problem with Multiple Depots (VSPMD): In this scenario, tasks
may be serviced out of more than one depot. As with the vehicle routing problem, each
vehicle must leave and return to the same depot and the fleet size at each depot must
range between a specified minimum and maximum.

A. 7 Vehicle Routing and Scheduling Problems (VRSPs)

The following demonstrates a typical vehicle routing and scheduling problem.
e Dial-a-ride routing and scheduling Problems: In the dial-a-ride problem, customers

call a dispatcher or scheduler requesting service. Each customer specifies a distinct
pickup and delivery point and perhaps a desired time for pickup or delivery. If all
customers demand immediate service, then routing and scheduling is done in real time
and the problem is referred to as the dynamic or real time dial-a-ride problem. If all
customers call in advance, so that a complete database of customer demand is known
before any routing or scheduling is carried out, then this problem is referred to as the
subscriber or static dial-a-ride problem. Both the dynamic and static dial-a-ride
problems have precedence relationships since a customer must be picked up before he
is delivered. Dial-a-ride problems and their extensions occur in many applications
shared cab rides, package delivery, bank deliveries, etc.

W——r—
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A.8 Heuristics for the VRPs

Table A- 1 Classical heuristics for single origin & destination points

Separate Single Origi
Dijkstai Algorithm [A-8];

The algorithm operates on the simple logic that if a
shortest path from node S to node j is known and node k
belongs to this path, then the minimal path from s to k is
the portion of the original path ending at node k.

The algorithmstart with j = s and successively resets j
until j = t and then the process is stopped.

& Destination Points
2. Multiterminal shortest chain route [A-9]:

o The shortest chain between any pair of nodes i & k is
the length of the connecting arc [i, k].

e The algorithmsuccessively examines all possible
intermediate nodes between 1 & k, and if the length of
chain through any intermediate node is shorter than the

current distance dy? then d is changed to the new
i

value.
e This procedure is repeated for all possible pairs of nodes
until all & values are obtained.

e Number of computations required: » iterations for
network with # nodes.

Modified shortest path Iterative [A-6]:
Add a pseudo node S and connect it to the source node
s by direct arc [ S, s}; add a pseudo node f and

connect the terminal node £ to t by directarc [/, t].
Assign a pseudo label I, to each arc of the network.
Letl0 s ""1a+1be the pseudo label for 4 2 arcs.
Creatt a  pseudo  network  consisting  of
a + 2nodes Iy 4L Ly such that the directed

arc (ll 5 l J) in the pseudo network is defined if the arc

with label li immediately proceeds the arc with label

lj

The arc parameter of the branch connecting node li to

in the labelled network of step 2.

node l] is given by ¢ [li 1 +p(li’lj) , where ¢ [li]
is the original cost of li and p(li,lj)is the turn

penalty associated with the branch (l i» [ ]) g

Then use the shortest path to find the most economical
path.
Translate the found solution back into the original

network formulation.

4

. Double Sweep Method [A-10]:

e Assuming that for each node there is vector with
estimates of the K shortest path length from a given
source node. This approach successively reduces the
estimates until the optimal vector of estimates is
achieved in finite number of iterations.

e Each iteration consists of two passes.

e In the forward pass, the nodes are considered in
increasing numerical order. After identifying the list of
nodes i incident to node j, such that i<j, the k shortest
path lengths from the source to node j are successively
examined to verify if shorter path lengths are possible
through the incident nodes.

e If such path lengths exist, they will be used as new
estimates in further iteration.

e This is followed for the backward pass of the algorithm,
but the nodes are considered in decreasing order and
only nodes, where i>j are investigated.

Table A-2 Classical heuristics for
Multiple Origin &
Simplex Method [A-11]:

Select a starting basic feasible solution, [using either
northwest or VAM approaches]

Check if the solution is improved by introducing a non-
basic route into the basis.

Determine which route must leave the basis when the
route chosen in step 2 enters.

Adjust the flows on the other basic routes to preserve the
feasibility of the new basic solution.

Go back to step 2, if the solution is improved go to step,
else exit the procedure.

multiple origin/destination points

Destination Points

4

. Vogel Approximation Method [VAM] [A-
12]
Calculate the minimal penalty incurred if the most

economical route is not chosen to leave each source or to
go to each terminal, and

Then select the source or terminal associated with the
largest minimal penalty.

Assign as many units of flow as possible to the most
economical route leaving the source or going into the
terminal, whichever was chosen.

After the chosen route is saturated, the source and the
terminal linked by the route are checked to see what
supply-demand condition becomes satisfied.

The source or terminal whose condition is satisfied is
removed,

New penalties are computed, and the procedure is

ﬁ
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repeated until all sources and terminals are removed.

The penalty is equal to the difference between the
smallest and the next-to-the-smallest costs.

If both costs are equal, the penalty is then equal to zero.

Also, when the largest minimal penalty is not unique for
a set of sources and or terminal, the ties can be broken

arbitrarily.

Northwest Corner Method [A-13]:

Assign as much flow as possible to the route linking the
first source with the first terminal.

Let X 11 be the number of units assigned.
fay = bl’ delete both source 1 and terminal 1, and

select the route corresponding to X 22 -
Otherwise, delete the source or terminal whose supply or

demand is satisfied, and select either X 12 0r

X 91 depending on which one corresponds to a toute
that is feasible.

Assign as much flow as possible to the selected route and
remove the source or terminal whose supply or demand
is also satisfied.

If the supply and the demand conditions are
simultaneously satisfied, both the source and the terminal
are removed.

¥ X if is the last basic variable selected,

the next one to be considered is X i,j+1 If the ith
source has any supply available,

X i+1,j If the jth terminal has any unfilled demand,
>

or Xi+1,j+1 otherwise.

Hungarian Algorithm [A-14];

Row-column reduction process:

Subtract the smallest value in each row from all the
elements in that row, and

Then subtract the smallest element in each column from
all the elements in that column.

Use this reduced-cost matrix for assignments.

Identification of assignments:

If the row-column reduction process allows us to select
one zero-cost cell from each row and one from each
column, such that the resulting solution is feasible, that
assignment will also be optimal.

If a zero-cost assignment in the reduced matrix is not
possible, the matrix must be further modified,

Moedification of the reduced matrix:

If there are insufficient zero-cost cells to select a zero-
cost assignment, more zeros can be created by

Identify the minimal group of rows and columns
containing all the zero-cost entries of the reduced matrix,
and find the minimal value not in this group.

If this value is subtracted from all the entries of the
matrix, the zeros become negative, and at least one
element outside the group becomes equal to zero.

Nearest Neighbour [A-11]:

Start with any node at the beginning of a path.
Find the node closest to the last node added to the path.
Add this node to the path.

Repeat until all nodes are connected.

Number of computations required: on the order of

n?.

Table A-3, Classical Heuristics for TSP (VRP)

Clark and Wright Savings [A-15]

Select any node as the central depot.
Compute saving Sy = Cy; +C; = Cy
Order the savings from largest to smallest.

Starting from the top to down of the saving list, form a
tour linking nodes. Repeat until the tour is formed.

Number of computations required: on the order of
n*lig(n).

Nearest merger [A-11]:
When applied on » nodes, it constructs a sequence

S-S, such that each S; is a set of n-i +1 disjoint

subtours covering all the nodes. At each step of this
procedure two subtours closest to one another are
merged.

Number of computations required: on the order of

n?.

Minimal Spanning Tree [A-13]:
Find a minimal spanning tree T of G.
Double the edges in the minimal spanning tree to obtain
Euler cycle.
Remove polygons over the nodes with degree>2.
Transform the Euler to Hamiltonian cycle.

Number_of_computations required: on the order of

n?.

ﬁ
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5. Insertion Procedures [A-11]:

e Consists of two steps:

o The Selection Step: Takes a subtour on K nodes at
iteration k and attempts to determine those nodes not in
the subtour to join the subtour & then

o Insertion Step: Determines where in the subtour it should
be inserted.

5. Christofides Heuristic [A-16]:

Find a minimal spanning tree T of G.

Identify all the odd degree nodes in T.

Solve a minimum cost on the odd degree nodes.

Add the branches fro the matching solution to the
branches already in T.

Obtain an Euler Cycle.

Remove polygons over the nodes with degree>2.
Transform the Euler into Hamiltonian cycle.

4. Chinese Postman Problem Algorithm [A-7]:
®  Using a shortest path algorithm on the graph G with cost

matrix [Cij] from the |N0| matrix D) = |~leJ
where d ij is the cost of the least-cost path from node

ie NO toanothernodejG NO.
®  Use a polynomial-time minimum 1-matching algorithm
to find Amin according to the cost matrix D,

e Ifnode (¥ is matched to another node ,B , identify the

least-cost path ,Uaﬂ corresponding to the cost d a[g

of stepl. Insert artificial arcs to obtain Go (A min ) .

® The sum of the costs from matrix [Cij] of all arcs in

G Amin is the minimum cost of a cycle coverin,
o Y g
G.

®  Once the graph GO (Amin) is obtained, start at any
node,

®  Traversing and then erasing an incident arc such that the
removal of the arc does not divide the graph into two
disjoint components.

®  Subsequent nodes are treated one at a time.

Table A-4 Classical heuristics for Chinese Postm
Chinese Postman Problem

an Problem (CPP

Constrained based CPP Algorithm [A-17]:
Let E ; be the variable representing €; € E, so that

the values of Ei indicates where €; comes in the

ordering for service and let Edge Depot be the

variable representing the arbitrary edge representing the
depot node.

Lot Edge = {E;, Edgegeporli = 1N} fre

the set of all mode!l variables, then the domain of the
edge variable will be {1,..., N+1} with a cardinality of
N+I.

For each edge€; =(p,q), Jet Zi be a [0,1]

variable used to determine the direction that the edge is
serviced.

Suppose p<g, if the edge is serviced in the direction

—> g then Z ;=0 and if the edge is serviced in the
I

direction  —> P then Zi =1.
In order to find the cost [or time] between finished

service of edge €; and starting to serve ej when ej

follows €; in the ordering,

The direction variables can be used to indicate the
finishing node for €; and the starting node for ej S0

that the appropriate shortest path cost can be used from
pre-calculated arrays.

Any shortest path algorithm can be used to calculate the

values for the costs between €; and ej .

ehicle Routing Heuristics

Table A-5, Classical heuristics used to address VRPs
Single/Multiple Depot, Multiple V

[VRPs]

e Provides explicit consideration of customer demand by
moving capacity constraints into the objective function.

o It also applies a multiplier in order to impose a penalty
when demand on a route exceeds capacity.

o This approach tends to provide better results [Bodin et
al.].

The Saving Algorithm [A-18]; 2. A Generalised assignment Heuristics [A-20]:

o This is an exchange procedure. e This procedure is composed of two interrelated

o At each step one set of tours is exchanged for a better set. components.

o Initially, it is assumed that a separate vehicle supplies e One component is TSP and the other is a generalised
every demand point individually. assignment problem.

o Then the savings in travel distance that may obtain using e The TSP and the generalised assignment problems have
one vehicle to service node i and j is calculated. been studied extensively in the literatures.

o Other approaches [r6-14, 16-15] used the saving criteria o Therefore this formulation of VRP can benefit from the
of this procedure to address VRPs. theory and algorithms developed for these problems.

3. A penalty Algorithm [A-19]: 4. M-Tour Approach [A-21]:

The M-tour algorithm requires a feasible solution to the
VRP with M vehicles as input.

This M-tour solution is expressed as a travelling
salesman tour on an expanded network.

Then a modified 3-opt or any other improvement
procedure is used to reduce the total costs.

ﬁ
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5. The Sweep Approach [A-22]; 6. A _multi-depot saving algorithm for large
o First, nodes [i.e. customers] are assigned to vehicles, problems A-23]:
o The order in which each vehicle visits the nodes is e First nodes are allocated to depots and then routes are
sequenced. built linking nodes assigned to the same depot.
* A “Seed” node is selected randomly. e For cvery node i, the closest depot K; and the second
s A ray is swept [+/- directions] to the seed from central .
depot. closest depot K, are determined.
e Demand points are added to a route as they are swept. » If Ratio ,(;)= C,’y is less than a certain chosen
» When the route’s capacity is reached, then C,—K 2
¢ ;1111; fggtléfonal demand node becomes the seed for the parameter [(0< 5 < 1), i is assigned to K , otherwise i
o TSP algorithms can be use to improve routes. is set as a border node. .

o The Multi-depot savings algorithm is applied to allocate
the border nodes to depots & to build segments of routes
connecting these nodes.

¢ Using single depot VRP techniques, the border nodes are
extended to the remaining nodes.

7. A Multi Depot Saving Approach [A-24]; 8. The Assignment-Sweep Approach [A-25]:
e The initial solution starts by assigning a rout to each e Solves Multi-depot problem in two stages.
node from the closest depot. » First, locations are assigned to depots, then
e The method successively links pairs of nodes to decrease e TFor each node the closeness ratio r/i] to each depot is
the total cost. calculated. Nodes are ranked by increasing value of #/i/.
e Once two or more nodes have been assigned to 2 o The arrangement determines the order that nodes are
common route from a depot, the nodes are not assigned assigned to depots.
to another depot. e The sweep heuristic is used to construct & sequence
e At each step, the choice of linking node i and j on a route routes in the cluster about each depot independently.
from depot k is made based on the saving when linking
and j at k.

A. 9 Heuristics for the VSP

Table A-6 Classical heuristics to address VSPs
Vehicle Scheduling Heuristics (VSP)

1. The Concurrent Scheduler:[A-26]: 2. Two Steps Approaches [A-7]:
o Tasks are ordered by their starting times. o The VSPMVT and VSPMD can be addressed using this
o Ifit is feasible to assign a task to an existing vehicle, approach.
then it is assigned to the vehicle with minimum deadhead o There are two classes of scheduling in this method:
time o First, clustering tasks and then scheduling vehicles over
e Otherwise the task is assigned to a new vehicle. each cluster or
o It is possible to solve all the three possible categories of o First, scheduling vehicles and then clustering vehicle
VSP using this approach, schedules.
3. Aninterchange heuristic:[A-26]:

It can handle a wide variety of cost functions &
constraints.

Assuming that starting schedules is already available for
vehicles.

The procedure interchanges between the components of
the schedules to improve the costs.

The cost of the new schedule is compared with the old
vehicle schedules.

A.10 Heuristics for the VRSPs

Table A-7, Classical heuristics to address VRSPs [A-7]

Saving Heuristic:
Initially introduced by Clarke and Wright [1964] is
extended to incorporate time windows to address

VRSPTW problems.

In addition to take into account vehicle capacity
constraints, this approach checks for time window
constraints for violation at every step.

The heuristic could find it profitable to join two
costumers very close in distance but far apart in time.

e A Time-oriented. nearest _ —Neighbour
Heuristic:

o It starts every route by finding the un-routed customer
closest to the depot.

e In every step, the heuristic searches for the customer
closest to the last customer added to the route.

s The feasibility conditions are Time Windows, Vehicle

arrival time at the depot, Capacity constraints.

§
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3. Insertion heuristics: 4. A Time-Oriented Sweep heuristic:

o This approach initialises every route using one of several o There are clustering stage and a scheduling stage in this
criteria such as: the farthest unrouted customer or the approach.
unrouted customer with the earliest due date. e TFirst, customers are assigned to vehicles as in the

e The method uses two criteria original sweep heuristic [Gillet and Miller 1974], then
C,(i,u, j) Cy(i,u, j) to insert a new customer into o Using a tour building heuristic a one-vehicle schedule is
the current partial route. set for this cluster.

o For each unrouted customer, the best feasible insertion e Repeat the clustering-scheduling process for the
place in the route is obtained, then unscheduled customers.

o The best customer to be inserted in the route is selected. i The‘sequencing aspect of the Rrob]erp scems to drive

e The insertion of unrouted customers is guided by routing problems dominated by time windows.
both geographical and temporal criteria.

A.11 GA applications within VRSP

The following are some research conducted in the area of GA application in VRSP.

Jih et al. [A-27] proposed a hybrid approach taking advantage of both dynamic
programming and GA methods for vehicle routing problem. The dynamic programming
is used to generate the optimal routes. If the optimal solutions are not found within the
specified time slot, the partially constructed routes are passed to GAs. This hybrid
approach enables dynamic programming to achieve real time performance and improve
GAs in approximating near optimal solutions.

Elmahi et al. [A-28] proposed a GA that provides the optimal or nearest optimal,
sequence of shipments within a supply chain.

Malmborg [A-29] used GA to address service levels based vehicle scheduling with the
objective being to minimise the delay between the time that material accumulates at
each work centre, and the time that it is delivered to its destination work centre.

Potter et al. [A-30] applied a two level GA to a general pick up and delivery problem
representing an advanced transportation problem. In this approach an upper level GA
was used to allocate passengers to vehicles, and a lower level GA was used to find the
shortest route for a given set of passengers in a single vehicle. This splitting allows
addressing the lower problem independently. The results obtained in this work suggest
the effectiveness of GAs in quickly obtaining good solutions to vehicle routing
problems.

Ochi et al. [A-31] indicates that the inclusion of the notation of scatter search, tabu
search and local search in GA could make GAs more efficient. In addition, using
parallel techniques could also improve the running length of GAs before coming up
with a solution. In this work a new hybrid Meta-heuristic which uses parallel GA and
scatter search procedures was used to solve vehicle routing problems with a
heterogeneous fleet.

Chen Wen [A-32] developed a GA method to address logistics scheduling problems.
They suggest logistics scheduling are problems that must be tackled with a combination
of search techniques and heuristics. In this approach they considered all constraints and
requirements in the GA fitness function. This consideration is not possible using
traditional linear algorithms. They defined two fitness metrics for one chromosome.
One fitness measure is the number of items delivered and the other is the number of
missions completed. Mission refers to accomplishment of deliveries within its specified
time window.

A.12 GA application to address Multi objective problems

&
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[A-33] proposed a GA based solution method for a case in which fuzzy goals are assumed
in the multi-objective solid transportation problem. [A-34] proposed a GA method to
address a multi-objective solid transportation problem. In this approach three criteria were
considered conceming, supply, demand and conveyance capacity for the solid. As there is
always uncertainty on these critetia, the developed GA is based on interval values for the
main considering criteria. This solution method is known as a non-standard GA.

?ﬁ——_—‘
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B. 1 Rank-based Selection

The nature of scaling procedures associated with the roulette wheel selection led [B-1] to
consider a nonparametric procedure for selection. In this method the population is sorted
according to objective function value. Chromosomes are then assigned a number dependent
only on their respective position in the rank. This method would overcome the scaling
problem related to premature convergence and stagnation and the size of gaps between
fitness’s become itrelevant. Since the reproductive range is limited, no chromosomes
generate an excessive number of offspring. Ranking would introduce a uniform scaling
across the population and provides. However, this method has been criticized for
disassociating the fitness function from the underlying objective function and this
procedure does not provide a consistent means of controlling offspring allocation [B-2].

B.2 Crossover Methods

The following present a number of popular crossover methods presented in literatures.

e Order Crossover (OX): Proposed by [B-3]. This operator generates offspring by
choosing a random fragment from one parent and preserving the relative order of the
genes from the other parent. The following steps would be used to produce the
offspring:

e First the random fragments are copied into offspring (Figure B-1, Figure B-2),

e Starting from the second cut point of one parent, the genes from the other parent are
copied in the same order, removing elements that are already available.

e When reaching the end of the string then the next position would be the first
location of the string.

Cut Point 1 Cut Point 2
1 1

P1=l1|2I3i4|5|6|7_iB‘9|10|
| |

Figure B-1 Before OX Crossover operation
| I

o1=rx|x|x!4|5|6|7ix|x]x|
I |

Figure B-2 copping the selected fragments into the corresponding offspring

e The sequence of the genes in the second parent from the second cut point is:

e Removing genes 4,5,6 and 7, which are alredi in theﬁrst paret results in:

e This sequence is placed in the first offspring, starting from the second cut point:
ﬁ
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or- IR+ [+ [+ [+ el

e The second offspring is obtained in a similar way:
oz=[ 3 [ 4[5 | - EXEIER

This operator preserves the order, adjacency and absolute positions of genes of the
chromosome and relative order of the remaining genes. This operator is also used in TSP
and suggest that the order of the cities are important and not their respective positions.

e Cycle Crossover (CX): This operator is presented by [B-4]. It builds offspring in a way
that each gene comes from one of the parents. The starting element of parent 1 is
inherited by a child. The element, which is in the same position in parent 2 is
considered and its position is found in parent 1 and then the gene is inherited by a child
to the same position. This cycle is continued until encountering the initial element from
parent 1 in parent2. The reaming genes are filled from the other parent. This is more
evident by looking at the following example.

Pi=| 1 | 2] a]a]s[e]z]s8]s]10]

P2 =
Figure B-3 Chromosomes before CX Crossover

Two parents would produce the first offspring by taking the first city for the first parent:
L [ A e

Figure B-4 Taking the first genes from each parents
Since every gene in the offspring should be taken from one of its parents from the same
position then the next city to be chosen for offspring 1 is 4 from parent 2. The location of
this gene in the first parent is on the forth segment. This implies gene 8 from parent 2 just
below the selected gene 4. This process continuous until the cycle is completed.

o= a7z [ el x ) x x| f x)

02=
Figure B-5 Completed cycles

The remaining genes are filled from the other parent:
o1=| 1| 2| 3] a

o-- IR > [ = | 7 [+ [ )

Figure B-6 The remaining genes are filled

As it is evident from the above example the CX preserves the absolute position of the
elements in the parent sequence.

B.3 Recent methods used to enhance optimisation technigues
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As introduced in chapter 3 (section 3.4.9) the optimisation methods namely simulation
annealing, tabu search and genetic algorithm can perform better. The following presents
further survey on how the introduced optimisation methods can be further enhanced.

e Cordeau et al. [B-5] represents a tabu search algorithm that has very few controlled
parameters in contrary to existing tabu searches presented in the literature. They
indicate that their algorithm outperforms other tabu searches used to address multi-
depot vehicle routing problems;

e Renaud et al. [B-6] describes a new tabu search algorithm called FIND. This algorithm
consists of three phases: Fast Improvement, INtensifications and Diversification. Their
computational results on 23 benchmark instances suggested that their approach
outperforms exiting heuristics for VRSP problems;

e Gendreau et al. [B-7] describes a TS, which iteratively inserts clusters of vertices in the
current tour for selection and it removes a chain of vertices. This algorithm was used for
un-directed selective TSP and resulted near optimal solution more frequently;

e Lndrieu et al. [B-8] presented a probabilistic tabu search. Their computation results
suggest their algorithm often produces optimal solutions in a relatively short execution
time;

e Gunnels et al. [B-9] compared GA and SA heuristics on the gene mapping problem.
They found that the GA method always converges to a good solution more quickly than
the SA method. The best solution produced by the GA method is always superior to the
best solution produced by the SA method,;

o Low et al. (2004) [B-10]: presented an algorithm, which combines the merit of both SA
and TS to solve the flow shop-scheduling problem. They developed a mechanism that
records the good solution’s characteristic into SA to make the searching procedure more
robust. They showed that the proposed SA procedure performs well with respect to both
solution and efficiency;

e Nearchou (2004) [B-11]: proposed a new hybrid SA approach for the flow shop-
scheduling problem. This approach combines the SA procedure with features borrowed
from the GAs such as use of population of individuals and recombination of operators.
They report that their approach resulted in shorter computation time and higher
performance than that of other meta-heuristic approaches in this field;

e Leung et al. (2003) [B-12] applied a GA and a simulated annealing-genetic algorithm to
a two-dimensional orthogonal packing problem. They found that in the long run, the
mixed heuristic produces better results, while the GA produces only good results bur in
a shorter time.

B.3.1 Hypothetical Pareto GA example:

The aim here is to illustrate how the Pareto Optimal GA could help here to address monthly
transportation scheduling problem. The following schedules are generated hypothetically
and they are not based on real data. Also for simplicity, the two main objectives are
considered here to minimise both distance travelled and inventory cost.

1. Initialisations: A number of schedules addressing monthly transportation problems are

randomly generated. These schedules are evaluated based on their impact on different

objectives considered for this problem.

—.——-——_"—’__ﬁ
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3. Table B-8, illustrates these schedules based on the common objectives.

Table B-8 Hypothetical transportation schedules

“Schedule | Travelling | Inventory | Resource | Service | Environmental | Completion | o . o i
No# | distances | Lovols' |utisation | level | impact | tme | S | Umon | Fleotse
1 591134 100 BS 85 150 30 5 5 40
2| 5159: 120 80 67 100 28 5 5 38
3 471383 80 75 B3 125 28 10 15 35
4 335843 53 58 4 65 26 15 20 40
-5 317171 76 80 7 78 25 10 25 36
6 457083 30 85 86 95 28 3 20 35

4. Dominance Check: The current population is checked based on the first two objectives
to see which individuals are non-dominated. Figure B-7, illustrates, six scenarios
compared on the bases of travelled distance and Inventory cost. Scanning the graph
shows that the best points are lower on the page and to the left. In particular, Scenarios
E, D and F seem like good possible choices: even though none of the three points is
best along both dimensions. There are trade-offs from one of these three scenarios to
another; there is a gain along one dimension and loss along others. These three points
are none dominated because there are no points better than these on all criteria. On the
other hand scenarios A, B and C seem to be poor choices. It is the case that these
scenarios are dominated by another point. Scenario C [471383, 80] is dominated by
either of E, D or F. Also, both scenarios B and A are dominated by scenario C. Thus in
this problem instead of obtaining a single answer, there is a set of answers that are not
dominated by any others, the Pareto Optima set {E, D, F}.

Dominance check
140
120 = ——38* —
'516862,120
100 e e A —
4 591134, 100
O go . = T S e e e e —
s 717,76 Afrons 00
£ 60 {—me—————i N e ———
[
2 \
£ 20 [ e — S
20 | e BT T
0
0 100000 200000 300000 400000 500000 600000 700000
Distance (Km)

Figure B-7 illustration of Multi-objective optimisation
5. Adjustment: At this stage the dominated individuals {A, B, C} are replaced with
offspring created from two different non-dominated parents. The parents are obtained
randomly from the current non-dominated population with equal probability of
selection. Figure B--8, shows the selected Pareto optimal set from the population and
Figure B-9, illustrated the generated offspring based on random selection of parents and
genetic operations.

: 66:1::19;&6. Distance | Inventory
= B 335943 53
SINE  317171 76

—F | 451083 30

Figure B--8 Pareto Optima set
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Parents |Offspring| Distance |Inventory
D,F G | 561484.5| 68
 DE H | 485142.5| 28
__EF | 381000 | 40

Figure B-9 randomly generated offspring

6. Dominance Recheck: The generated solutions are rechecked to check for the new
Pareto optimal set. As shown in Figure B-10, the Pareto optimal set is {D, I, F, H} and
the only dominated solution is G, which is to be removed from the data set.

” Diminance Check
70 [ - —— R —
G |
60188 = == 5614845, 68
oo et I i
'] g
] o
= 20 J —_—— _m&._ Eeto e l"-
9 3 — — - — e . el Rt L Ll
1 w0 X |
20 JEE— e e e —r = .___:_F._ — =1
451083, 30
10 | - e ——
o b |
0 100000 200000 300000 400000 500000 600000
Distance (Km)

Figure B-10 Dominance check for Pareto Optimal set
5. Increase population: The Pareto optimal set contains 5 individuals. There is a need of
one more non-dominated solution to be generated from the current Pareto population.
Therefore, the adjustment stage is repeated and if it ends in a Pareto set of 6 individuals
then another 6 new individuals are randomly generated and these are added to the
current populations.
6. Repeat: The algorithm goes back to step 2 for further dominance checks.

B.4 Recent development in Genetic algorithm

As indicated in chapter 3 (section 3.7) considerable research has been conducted to improve
the GA performance. The aim of this section is to further provide detail on the developed
methods.

B.4.1 Selection Method:

The population diversity and selective pressure are two important issues in the evolution
process of the GA search. These are highly related parameters in that a strong selective
pressure supports the premature convergence of the search and weak selective pressures
make the search inefficient. Much research has been conducted to introduce selection
methods to strike a balance between these two factors [B-13, B-14, B-15, B-16].

To improve selection mechanism [B-15] in his early work introduced several variations of
simple selection methods. These variations are: The elicit model, which enforces preserving
the best chromosome. The expected value model, which is used to reduce the stochastic
errors of the selection routine. The elitist expected value model, which combines the first
two methods together and finally, the crowding factor model that allows a newly generated

I —————————————— e
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chromosome to replace the old one. The rejected chromosome is selected from those, which
resemble the new one.

Also, [B-14] introduced a number of modifications in selection methods, which resulted in
superiority of some of these modifications over the simple selection. These modifications
are such as: deterministic sampling, remainder stochastic sampling without replacement,
stochastic tournament and remainder stochastic sampling with replacement. The latter was
proven to be the most successful one and it was adopted by many researchers. Later in 1987
[B-13] introduced stochastic universal sampling as a further modification of the sampling
methods.

Also, other methods were introduced based on the belief that the common cause of rapid
premature convergence is mainly due to the presence of highly fit chromosomes, which are
much better than the average fitness of the population. Also, a method using artificial
weight to sample a population and two other schemes that allow the user to influence the
selective pressure parameter of the algorithm were presented in [B-1]. In addition
tournament selection [B-16] was introduced which combines the idea of ranking in an
interesting and efficient way. Some of the recent alternative methods introduced as
selection methods in the literature are presented as follows:

e Chul etal. [B-17] proposed a new genetic evaluation and selection mechanism called a
Pareto Stratum-niche cubicle. This selection method associates every individual with a
rank. The rank is determined by the sparseness of individuals and Pareto Optimality.

e Sang-Keon Oh et al. [B-18], proposed a new selection method based on a non-linear
fitness assignment. This method uses a ranking selection, which permits a higher local
exploitation search, where the diversity of the population is maintained by parallel
subpopulation structures.

e Wang et al. [B-19], introduced a new evolving mechanism to improve the solution
quality and searching efficiency. This mechanism extracts a generalise pattern from
elite chromosomes in the population. In this mechanism the difference between
individual chromosomes and the pattern is calculated and used to determine selection
probabilities of individuals. This probability is used to judge which chromosome
survives or dies.

e Tokoro [B-20] proposed a new genetic algorithm, which uses Welch’s test in its
selection stage to limit the probability that good chromosomes are excluded by
sampling error. This algorithm excludes the individuals that are statistically inferior to
the best individual in the current generation. Therefore, the probability that the best
individual generated in a GA search process is removed at any generation by sampling
error is limited.

o Dukkipati et al. [B-21] purposed Cauchy criteria for choosing the Boltzmann selection
scheme. This is based on the hypothesis that selection strength should increase as the
evolutionary process advances and the distance between two-selection strengths should
decrease for the process to converge.

e Also, Tobias and Lothar [B-22] used the fitness distribution of a population as a new
mathematical formulation to analyse the properties of common selection methods such
as tournament, ranking and truncation selections. They introduced new factors such as
selection intensity, selection variance or the loss of diversity that gave new insights into
the properties of the selection methods. They also suggested, that in addition to these
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parameters there is a need for further information about the recombination phase of the
algorithm to evaluate the behaviour of the selection methods.

B.4.2 Reproduction Methods:

The relative importance of crossover and mutation has long been studied in the literature of
evolutionary computation. The traditional view is that crossover is primarily responsible for
improvements in fitness and the mutation serves as a secondary role of introducing
diversity into the population. Some researchers [B-23] presented theoretical arguments and
empirical results to suggest that mutation can be more useful. In contrast some others
argued in favour of crossover [B-24]. However, [B-25] indicates that the balance among
crossover, mutation and selection is of great importance rather than a choice between
crossover and mutation.

The proper choice of crossover and mutation operators is critical for the successful
implementation of genetic algorithms. Different crossover and mutation operators are
suitable for different problems even for different stages of the GA process in a problem.
Determining which crossover and mutation operators should be used and also their
respective rates are quite difficult tasks and they are usually performed by trial and error.
[B-26] provided a number of guidelines for setting the crossover and mutation rates. There
are several methods that could be used to adjust the ratios of the crossover operators. Also
they used a varying mutation rate suggesting that a mutation rate decreased exponentially
over generations had superior performance. To this effect [B-27] cyclically varied the
mutation rate to demonstrate similar results.

In addition, [B-26] proposed a Dynamic Genetic algorithm (DGA) that simultaneously
uses more than one crossover and mutation operator to generate the next generation. Also,
the ratios of these operators are changed along with the evaluation results of the respective
offspring in the next generation. They suggest that this algorithm performs better than the
algorithms with single crossover and mutation operators.

Generally, reproduction operations involve recombination of two parents to produce
offspring in a genetic algorithm. However in recent work attempts were made to study the
effect of using more than two parents for recombination. The global recombination in
evolution strategy (ES) [B-28] was one of the early works in this area that allowed
generation of one new individual, which may inherit genes from more than two parents.

The scanning crossover and diagonal crossover were originally introduced as initial multi-
parent recombination operators [B-29]. In addition, [B-28] proposed three types of multi
parent recombination operators: the centre mass crossover (CMC), Multi parent feature-
wise crossover (MFC) and Seed Crossover (SX). They suggest this types of recombination
lead to better performance. Also, [B-23] introduced an Adaptive Neighbourhood based
Multi parent Crossover operator (ANMX), which generates offspring using linear non-
convex combination of several relative parents. This operator not only takes on the form of
a multi-parent crossover operator, but also represents some characteristics of a mutation
operator. Examples of other multi-parent crossovers are: Blend crossover [B-30], Simplex
crossover [B-31] and GUO’s Crossover [B-23]. The above-mentioned Crossover
mechanisms were introduced as improvements on the single point crossover technique.

ﬁ
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B.4.3 Encoding

The classical GAs are not appropriate tools for finding the optimal solutions with the
desired precision. This could be due to the premature convergence to a non-global
optimum, inability to perform fine local tuning or inability to operate in the presence of
nontrivial constraints. In the last decade there have been some attempts to improve this
drawback by addressing the parameter representation in the GA.

B.4.3.1 Gray Coding:

Any parameter optimisation technique, including GAs, requires some method of
representing parameters such as integer, bit string and floating point representations. Gray
coding is a type of bit string representation. The main objective of this coding method is to
move the genetic algorithm closer to the problem space. This representation has the
property that any two points next to each other in the problem space differ by one bit only.
Therefore an increase of one step in the parameter value corresponds to a change of a single
bit in the code. This is not generally achievable in the binary approach. Also, there have
been some other attempts to improve parameter representations of the GA during the last
decade as introduced below:

B.4.3.2 Delta Coding:

This modification of GA was proposed by [B-32]. In this method individuals in a
population are not treated as a potential solutions but rather as additional small values (i.e.
delta values), which are added to the current potential solution. This algorithm applies the
GA techniques on two levels known as: the level of potential solutions to the problem
(level %) and the iterative phase, the level of delta changes (level 8). Figure B-11 illustrates
this algorithm. Delta coding makes mutation unnecessary, due to re-initialisation of the
populations on level § for each iteration.

Apply GA on Leve X
Save the best solutior (X)
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I T
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Figure B-11 A Delta_coding flowchart

B.4.3.3 Dynamic Parameter Encoding:

This strategy was proposed by [B-33]. In this method, the accuracy of the encoded
parameters are dynamically adjusted to increase the resolution of the solution and to focus
ﬁ
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on the most promising area of the search space. In this system each component of the
solution vector is represented by a fixed-length binary string, which represents the precision
of the individual. When in some iteration a genetic algorithm converges, the most
significant bit of the solution is saved and then dropped. The remaining bits are shifted one
position left, and a new bit is introduced. This bit increases precision by a finer partitioning
of the search space. This process is repeated until some global condition is met.

B.4.3.4 ARGOT Strategy:

The ARGOT (Adaptive Representation Genetic Optimiser Technique) is designed to solve
problems using a genetic algorithm. In this method binary strings are used to represent
search parameters. Intermediate mapping is performed between the bit strings and the
search space. This mapping is based on internal measurements such as parameter
convergence, variance and positioning within a possible range of parameter values. These
measurements are used to drive strategies within ARGOT such as adjusting parameter
resolution and drifting parameter boundary locations [B-34].

B.4.3.5 MICRO-GAs:

Goldberg [B-35] first described this method for serial GA. This method considers a small
population. The population is measured for convergence either by genotype or phenotype
convergence. If the population has converged the best string is kept and the rest of the
population is randomly regenerated and the search is repeated. Also, [B-35] states that
Micro-GAs are like delta coding in that the population is reinitialised and prior results are
included in the population by saving the best string. In addition one disadvantage of micro-
GA is that the small population prevents adequate hyper plane sampling and simple hill
climbing may dominate the search.

B.4.4 Adaptive Techniques:

Most of the evolutionary algorithms such as GA use fixed representation operators and
control parameters. Most recent promising research areas are based on inclusion of self-
adapting mechanism. These mechanisms are mainly used for [B-36]: chromosome
representation, reproduction operators and control parameters.

[B-26] suggest that for many applications the crossover and mutation operators adapted are

the key to the success of the GAs. [B-37], used an adaptive genetic algorithm in which P,
and P, were varied according to the fitness values of the solutions. In contrary, [B-38]
suggested adaptive crossover operations rather than varying their respective rates.
Examples of these operators are: selective crossover, adaptive uniform crossover and
Masked Crossover.

In addition [B-26] presented several methods for adjusting the ratios of the crossover
operators. They also indicated a geometric progression method, which was used to adjust
the ratios of the crossover operators in the geometric progression. [B-39] proposed a
probabilistic rule-driven adaptive model (PRAM) for parameter adaptation and a repelling
approach for diversity maintenance in GAs.

—ﬁ_—_—_———
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B.4.5 Multiple population

One of the most important concepts in GA is multiple population. Multi-population
Ggenetic Algorithms (MGAs) are considered as an extension of traditional single
population GAs (SGAs). SGA is powerful and performs well on many problems. However,
introducing many populations (i.e. sub-populations) could help to obtain better results.

MGAs divide the population into several isolated sub-populations. In MGAs: first, each
sub-population evolves independently for specific number of generations (i.e. isolation
time) to reach the theoretical equilibrium obtaining many local optimal solutions in sub-
populations. After the isolation time, each sub-population exchanges a number of
individuals with its neighbourhoods, which is known as migration. The migration would
interrupt the equilibrium and forces each sub-population to evolve again to escape the local
optimum and therefore exploiting toward the global optimum. The number of exchanged
individuals is known as migration rate and the scheme of migration determines how much
genetic diversity can occur in the sub-populations and the exchange of information between
sub-populations.

Researchers [B-40, B-41] have found MGAs are more effective both in speed and solution

quality such as:

o They would shorten the number of generations needed to find the optimal or near
optimal solution.

e They usually can find more that one optimal solution,

e They have more resistance to premature convergence.

However, the behaviour and performance of MGAs are still heavily affected by an
appropriate choice of parameters such as [B-42, B-40]: connection topology, migration
method, population number and migration interval. To this effect [B-43] developed self-
adaptive MGAs to adjust optimal parameters.

In many problems addressed by GA, the fitness evaluation for each candidate solution
could be calculated independently. This means that each candidate solution can be
calculated at the same time or in parallel. Based on this concept, the Parallel Genetic
algorithms (PGAs) were developed to speed up computation by using the power of parallel
computers. Such approaches exploit the parallel nature of GA methods in order to split the
overall computation task into several smaller tasks, each of which may be performed on an
individual computer processing element. In general, a number of PGA implementations
have been suggested such as [B-44]: Single-population master-slave, Single-population
Fine-grained, Multiple-population coarse-grained. Several researchers have shown
parallel/multi-population GA for different applications yield better performance than single
population implementations [B-45, B-46].

ﬁ
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Appendix C:GA Design and Developments
E

C.1 The Search Engine User interface Design

The followings describe the main features of the search engine user interface design.

C.1.1 System Descriptions

The main purpose of this menu option is to define any real or hypothetical transportation
systems. In this approach these systems can be defined in terms of supply sources, demand
centres and transportation resources such as trucks. The user can specify the sources and
demand nods and different possible routes or links connecting these nodes. Also,
transportation resources can be specified here. Further to defining the main components of
the system, one can specify the available inventory, inventory shortage and holding costs
and location of supply and demand nodes. In addition, particular specifications for routs
such as travelling distance and expected travel time, fatigue, safety and environmental cost
factors can be specified here. In the case of transportation resources, one could specify two
types of flects either owned or contracted ones. For each truck types, the fixed and
operational costs could be specified. Figure C-12, illustrates the menu options that user can
access to describe a system.

WorkDays Per Month |31_

WarkHows PesDay  [12

Figure C-12 Menu options used to describe a logistics system
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C.1.2 Live Plot

This option allows one to monitor the GA performance as it proceeds along the search
space. The general statistics from each proceeding generations are plotted against the
simulation time. These statistics are such as minimum, maximum, average and sum of the
fitness in a generation. Also fitness variance and standard deviations could be plotted.
Figure C-13, demonstrates the menu options to plot general statistics. The user has the

option to choose any combination of these metrics for dﬁamic ﬂlots.
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Figure C-13_Live Plot menu options

C.1.3 Schedule View

This menu option allows one to view the detail of the best chromosome generated during
the simulation run. One can observe the generate transportation schedule for each
considering truck. Also, total schedule cost and its breakdown are provided.
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Figure C-14 Schedule view menu option
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Figure C-16 Schedule view cost breakdowns

C.2 The Database-GA application Interface

The search engine works intensively with database to manage the storage and manipulation
of data during the evolution to optimum solution. The database is composed of a series of
related tables. These tables can be categorised as Input, processing and output data tables.
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The input tables as shown Figure C-17 are used to store data from the user about the
considering components of the system such as supply sources, demand centres,
transportation fleet, routes and other primary parameters described earlier.

Also, when GA operations are taking place, there is a need of managing data processing
and calculation as needed by different GA operations such as crossover, mutation,
selection, elitism and others. Data held by chromosomes are preserved and updated in
different tables such as RndEvaluation and Generation table. These processing database
tables are illustrated in Figure C-18.

Finally, there are tables to record statistics and GA performance measures during the GA
runs. The output tables contains information such as Generation statistics, optimum
chromosomes, the Minimum/Maximum fit chromosomes per generations and etc. These
tables could be used by the other applications to further analyse GA performance. Figure
C-19 illustrates the output database tables used for this purpose.
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Figure C-19 Database Tables used to hold output da

ta from GA operations

The Visual Basic program written here is based on class structure. Usually classes are used
to encapsulate activities for different entities or objects considered in the program. Classes
are also used to manage scatter data for different objects. There are two type of classes
here, the business logic and data (i.e. properties) classes. Business logic classes are used to
fetch data from SQL server into the VB program. Classes of these types are used to insert,
delete or update activities during simulation run. For example getting a list of refineries
currently available to transfer LPG from. In the other hand, Data classes are used to collect
properties related to an entity considered in a program. For instance the initial data for
refineries such as original capacity, location, monthly demands and etc. are collected using
CisRefineryData as shown in Figure C-21.

B ot yew Bowt Fome Debug Run Query Cisgam Lok pddine Wedw b

iR NEgd M = »nw M2 R i, Call
0 D
iGenerali - !Mﬂmn 'I (Gener )
[wrion Explicit x> Option Explicit g
Private m BPId A= Integer Public Enum TableName
Private m BPJasDemand As Long Refinery = 1
Private m DPGasSupplied As Loug — BottlingPlant
Truck
Public Propervy Get BpId() As Integer Route
Bpld = m_BP1d RouteComp
_End Prapercy Schedule
ScheduleComp
Public Property Let Bpld(v_1BpId As Integer) ScheduleCost
m_BPId = v_1BpId scheduleCroasOver
End Propecty — P ELIE L
RouteCompAll
Public Property Get GasDemand() Ai» Long W ScheduleDelete s
:ﬁ «] | » =% 4] | »f
1 X o 0 it
{mmnlp v] Devhar stiomn | -i |Mnh -| 1“&-“! ¥

Option Explicit
Privere m BottlePlantRds hs ADODB.Recordset
Private m objbBliandler As clabbHandler

Private Sub Class_Initialize()
Set m_objbBHandler = Hew elslipfiandler
Set m__Ba\:uePl.am:Rda = Nothing

Eud B

Private Sub Class_Terminate ()
Set m_objDBHandler = Nothing
End Sdb

Figure C-20VB i;;'ogram Class module structure

Option Explicit -
Private m_objConn
Privete m_strConn As String
_Private m ob)CnRds = N
Private Sub class_lnn:lelue()
Setv m_objConn = CreateCbject {"ADODB.connectio
Set m_objCnRds = CreateGbject {("ADODB.Recordse
End Sub

Private Sub Class_Terminate{)
-t m A -

&8 dsDbiHondler (cisDBHandser ds)
&) dsDominatedChr (csDomnatedCtr. ds)
- "

-]
& csExperment (disExperiment.ds)
-] cls)

&) cstimis (csLimkcks)

B disLocation (dsLocation.cks)

£ dsModetstate (dsModelState.cis)
o iChe Chr e
83 dsNonLinearCostFunctions (clsNonlinear Costl
& dsOptCost (csOptCost.ds)

8 asParetovaluesData (dsParetoValues.ds)
B cisPacetto (dsParetto.ds)

cisPrimary {dlsPrimary, cis)

@ cisservicelevel (dsServiceLevel.cls)
X ast

o
& clsTruck (csTruck.cs)
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s PriGAS(NL - chitofineryllata [Code)

{Georvet ali -

Option Explicit

Privete m Refld As Integer
Private s OriginCapacity As Long
Frivare m Supplyfonch As Long - S
Public Property Get Refld(} ks Integer

RefId = m_Refld
_End Property

Public Property Let RefId(v_iRefId ks Integer)
m_Refld = v_iRefld

Public Property Get OriginCapacity() As Long
OriginCepacity = m OriginCepacity
_End Properey

Public Property Let OriginCepacity{v_ingOriginCapacity A= Long)
m OriginCapecity = v_lngOriginCapacity
_End Propesty

Public Property Get SupplyMonth{) As Long
SuppiyMonth = m_SupplyNonth

_End Froperty ——— —

Public Property Let SupplyMonth (v_lnqsnpplvﬂonth A= Long)

m_supp.\v)lnnr.h = v_lingSupplyMonth

=] |

Figure C-21ClsRefineryData

o

Two major classes related to database are such as ClsConnection and ClsDBHandeller
modules in this program. ClsConnection acts like a provider. This class is used to sets the
database providers and allows connection to either MS Access database or MS SQL server
as shown in Figure C-22. This class module allows record sets to be connected to Database
for collecting data. Record sets are interfaces for collecting input data. The initial aim of
CisDBHandeller is to establish and generate record sets. For every record set there is a
need of SQL command, which is done by this class module. Figure C-23 presents
CisDBHandeller interface and section C4 reviews the SQL commands provided in this
module. Figure C-24 illustrates an example to further show how classes could be used to

individual data processing.

o=

sy T

Privece m_strConn As String

Privete Sub Class_Initielize ()
Set m _objConn = CreateObject {"ADODB.connection”)
Set m objCuRde = CreateObject ("ADODB.Recordset”)
Epd Suls

Privete Sub Cless_Terminate ()
Set m_objGonn = Nothing
Set m_objCrRds = Nothing

JEnd Suby

Public Property Get ConnectionString({)
ConnectionsString = m strConn

Ina Propecey T —

Public Property Let Commectionfitring(strCn)
m_scrConn = evrln

End Propacty

3

Public Property Get GerCommection() This allows conneclion {o Database

Dim DBFile

m_objConn.Cursorlocation = adUseClient

DBFile = App.Path + 7\DataBase\GAiP.mdb"™

'm_nbannn.Conne:tmnStrmw = mprovider=Microsoft.Jet.OLEDE.4.0;Data Source='"™ § DBFile & "';*

w_objConn.ConnectionString = mProvider=SQLOLEDB;:Initial Catalog=GAP:;Dacte Source=.;User ID=sa; Pazsvord=aa®

m_objConn.Open
Set GetComnection = m_objConn
L4

Public Function GetRec{strSql)
m_objCnRds.Open svrSql, GetConnectioh, adOpenStatic, adLockOptimistic
Set GetRec = m_objCnRds

Figure C-22 ClsConnection
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o]

23 dsOptCast (clsOptCost.ds)
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m_cbjCon As ADODB.Connection
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Const
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SQL commands Tor record sels provided by
DBHandler Module

u_suheduleVieUOnetn:mrm As String = "SELECT inctruckid, count (intscheduleid) as countSchedu
g_Schedul.eViewBeatthtmsoua As String = "SELECT BestChromosome.inttruckid, count (intscheduleid
g_s:udu.\eCh:omosalueNo ks String = "HELECT intchromosome FROR Rnafvaluation group by 1nr.cn:nm=|J

g_EvalSum’l‘:nvelTimeByT:ucks As String = 73ELECT sum(intTime) as truckTimeCount, inttruckid FROW
¢_EvalCountioutes As String = "SELECT count (RudEvaluation.intRouteld) ae countRoutes, RndEvalua
qﬁ!\!nlﬁ'nun:h‘lﬂ:b As String = "SELECT count {intTruckid) as truckCount, inttruckid FROE RndEvalw
G_HEMEIHIM!GIMICDUK As Straing = "BELECT intC sum( } ap sumlgat " € " FROM O
c__suhﬂdulncopyw:wmnl As String = "Insert into OriginalSchedule Select * from Schedule”
gﬁﬂ:hdulebele:eul As String = "Delete from Schedule”

©_EvaluationDeletedll As String = "pelete from RndEvaluetion”

¢ OptCoschelezedll ks String = "Delete from OptimumCost™

9_MaxCostDelecedll As String = rDelate from HaximumCost”

g_MinCostbeieteAll is String = "Delete from EinimumCost"”

g_ModelStatebeleterll As String = “helete from Hodelitate”

g_OptimomCost As String = nSelect * from OptimumCost”

¢_MaximmCost As String = #Select * from HeximumCost™

g_NinimusCopt As String = "Select * from MinimumCost®

g_Pn:m::o As String = "Select * from Paretto”

9~Cownnn:=hmam As String = “Insert into BestChromosome (intTruckId, intRouteld, intChromosor
g_CopyGenecation As String = mInsert into Generation (intTruckId, intRouteld, intStartTime, int:
g _CopyElitism As String = FINSERT INTO Elitism (intScheduleld, intTruckld, intRouteld, intStaert’
g_CopyParetto A2 String = mInsert into Parecto (intTruckId, intRouteld, incStartTime, {ntChromo;
g_CopyElitismToGeneration A= String = "Insert into Generation({intTruckld, intRouteld, intChromo:

g_Copyf nated A= String = ™insert inco DestChromoscwe select * from Pacetto
g_Gensrationbelete As String = "helece frow Ganacation™

¢_ParettobonminatedChchelete An String = "Delece from PareccobominatedChe™
q_PntectoHnnDami.naudchrDe1el:= As String = "Delete from ParettoNonDominatedChr*

g_Elitismbelete A= String = "Delete from Elitism”

e

Figure C-23 ClsDBHandler Module
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/

Public Function GetRefineryRds(Optionl criteria As\
String = ") As ADODB.Recordset
Sel m_RefineryRds =
I m_obiDBHandler.GetRds(Refinery, crileria)
Set GetRefineryRds = m_RefineryRds
End Function

/ >

This class calls on

| | GstRafinaryRds, which|
. is 8 Property of Refinary

| Class
g =
~ =

| This property calls on

| GetRds, which is a
Property of

ClsDBHandler Class

o B

[

g s —

ublic Function_GetRdsi(ibl As TableName, Optiom?\
criteriaString As String = ) As ADODB.Recordset ‘

call GetConnection

| Dim strQuery As String I
Dim strUnique As String
Selecl Case bl
I Case Refinery:
strQuery = g_RefineryAll
| strunique = "Refinery” I
Case BottlingPlant:
strQuery = g_BottlingPlantAll l
I strUnique = "BatllingPlant”

\

Set m_objRds = New ADODB.Recordset

— — — — — —

This class calls on

— | GetConnection, which
-

is property of
ClsConnection
-

—

¥a) ClsConnection
-—— — —l — — — —
/ Public Property Dit ([?;B: nnection() Slloweconneation
: [ DEEIS . » to MS SQL Server
m_objConn.CursorLocation = adUseClient fo retrieve data
l DBFile = App.Path + "\DataBase\GAP.mdb" | ==
m_objConn.ConnectionString = | e
"Provider=SQLOLEDB;Initial Catalog=GAP;Data
I Source=.;User ID=sa;Password=sa"
m_objConn.Open
\ Set GetConnection = m_objConn
End Property /
——— s — r — — —
L) CisDBHandlor
l After connection
Public Function GetRds(t As TableName, Optional establishes the
criteriaString As String = ™) As ADODB.Recordset » Rdsfromall
refineries in
I Private Const g_RefinoryAll As String = "Select * from L\ Database

Refinery™
m_objRds.CursorLocation = adUseClient
m_objRds.Praparties("Uniqua Table®) = strUnigue
Call m_objRds.Open(strQuery & lIf{Trim(criteriaString) <>
\"‘, = where * + criteriaString, =), m_objCon, adOpanKeyssl,
adLockOptimistic)
e s —— I_ — — —

-

The established
Rds is returned

Us) ClsRefiiery -

toClsRefinery

Figure C-24 Data Processing using classes

C. 3 The Simulation tool -Database Interface

There are two links here. The first one is the link between GA to simulator and the second
one the simulator to the GA as indicated in Figure C-25. These links are managed through
database and the designed interfaces. The first link is to transfer optimum transportation
schedule from the search engine to the simulator. The search engine application allows
generated schedules from any of the methods to be selected and stored in a database for
latter analysis or retrieval by the Witness simulation tool. This is mainly performed through

the user interface designed as shown in Figure C-26.
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Figure C-25 Database Interface for GA-Simulator link

As illustrated in Figure C-26, the simulator output menu option allows the transfer of the
data from the search engine to the simulator or any other applications. These data can be
based on resources such as trucks, refineries or bottling plant used in obtained optimum
schedule. Also, the BestChromosome table in the Database hold the detail of the optimum
schedule. The content of this table is typically used and read in by the simulator to initiate

the simulation run.

@ GA for VRS(Genetic Application for Yehi i Schedulinp)

Figure C-26 Simulation outputs menu options

Appendix C-10



Appendix C: GA Design and Developments

T4 Data in Table ‘BestChromosome’ in 'GAP1 on "(LOCALY
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Figure C-27 BestChromosome database table
However the second link is based on the simulation analysis. Simulation tool is used to
evaluate the performance of the GA generated schedule. Based on the evaluation the initial
parameters or the constraints used in GA runs are updated and then GA search is to be
initiated to search for better optimum schedule incorporating changes from the simulator.

Currently, an expert does the evaluation and inferences from the simulation model. This
task could be further automated using expert or adaptive systems. The simulation model
highlights a number of short falls within the transportation schedule. Based on these
inadequacies, constraints on GA are updated. This involves updating lower and upper limits
that are re-set to initiate the GA search for better optimum schedules.

C.4 SQL Commands for GA-Database communication

1. Private Const g_ScheduleViewOneChromosome As String = "SELECT inttruckid, countfintscheduleid]
as countSchedule FROM Schedule "

2. Private Const g_ScheduleViewBestChromosome As String = "SELECT BestChromosome.inttruckid,
countfintscheduleid] as countSchedule, txtTruckName FROM BestChromosome inner join truck on
truck.intTruckld = BestChromosome.intTruckId"

3. Private Const g_ScheduleChromosomeNo As String = "SELECT intchromosome FROM
RndEvaluation group by intchromosome"'

4. Private Const g_EvalSumTravelTimeByTrucks As String = "SELECT sumfintTime] as
truckTimeCount, inttruckid FROM RndEvaluation inner join Route on Route. intRouteld =
RudEvaluation.intRouteld "

5. Private Const g EvalCountRoutes As String = "SELECT count{RndEvaluation.intRouteld] as
countRoutes, RndEvaluation.intRouteld, intUpperLimit FROM RndEvaluation inner join Route on
Route.intRouteld = RndEvaluation.intRouteld '

6. Private Const g_EvalCountTrucks As String = "SELECT count[intT ruckid] as truckCount, inttruckid
FROM RndEvaluation "

7. Private Const g_ScheduleOriginalCost As String = "SELECT intChromosome, sumfintcost] as sumCost
" & " FROM OriginalSchedule INNER JOIN route ON
route.intRouteld=OriginalSchedule.intRouteld where inttruckld < 0 group by intChromosome"

8. Private Const g_ScheduleCopyOriginal As String = "Insert into OriginalSchedule Select * from
Schedule"

9, Private Const g_ScheduleDeleteAll As String = "Delete from Schedule"

10. Private Const g_EvaluationDeleteAll As String = "Delete from RndEvaluation"

11. Private Const g_OptCostDeleteAll As String = "Delete from OptimumCost"

12. Private Const g MaxCostDeleteAll As String = "Delete from MaximumCost"

13. Private Const g MinCostDeleteAll As String = ""Delete from MinimumCost"

14. Private Const g ModelStateDeleteAll As String = "Delete from ModelState"”

15. Private Const g_OptimumCost As String = "Select * from OptimumCost"
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16.
17.
18.
19.

20.

21

22,

23.

24.

25.
26.
27.
28.
29.

30.

31
32.
33.
34.
35.
36.
37.
38.
39.
40.

41.
42,
43.
44.
45.
46.
47.

48.
49,

Private Const g MaximumCost As String = "Select * from Maximum Cost"

Private Const g MinimumCost As String = "Select * from MinimumCost"

Private Const g_Paretto As String = "Select * from Paretto"

Private Const g_CopyBestChrmosome As String = "Insert into BestChromosome[intTruckld,
intRouteld, intChromosome, intStartTime, intStartTimel, intStartTime2, intTotalStartTime, intRank]
Select intTruckId, intRouteld, intChromosome, intStartTime, intStartT imel, intStartTime2,
intTotalStart Time, intRank from RndEvaluation "

Private Const g_CopyGeneration As String = "Insert into Generation [intTruckld, intRouteld,
intStart Time, intStartTimel, intStartTime2, intTotalStartTime, intRank, intChromosome] Select
intTruckld, intRouteld, intStartTime, intStartTimel, intStartTime2, intTotalStartTime, intRank, "
Private Const g_CopyElitism As String = "INSERT INTO Elitism [intScheduleld, intTruckld,
intRouteld, intStartTime, intChromosome]" & " SELECT RndEvaluation.intScheduleld,
RndEvaluation.intTruckld, RndEvaluation.intRouteld, RndEvaluation.intStartTi ime, "'

Private Const g_CopyParetto As String = "Insert into Paretto JintTruckld, intRouteld, intStartTime,
intChromosome, intStartTimel] Select intTruckld, intRouteld, intStartTime, intChromosome,
intStartTimel from RndEvaluation”

Private Const g_CopyElitismToGeneration As String = "Insert into GenerationfintTruckld, intRouteld,
intChromosome, intStartTime, intStartTimel, intStartTime2, intTotalStartTime, intRank] Select
intTruckld, intRouteld, intChromosome, intStartTime, intStartTimel, intStartTime2,
intTotalStartTime, intRank from Elitism"

Private Const g_CopyParettoNonDominatedToBstChr As String = "insert into BestChromosome select
* from Paretto "

Private Const g_GenerationDelete As String = ""Delete from Generation"

Private Const g_ParcttoDominatedChrDelete As String = ""Delete from ParettoDominatedChr'"'

Private Const g_ParettoNonDominatedChrDelete As String = "Delete from ParettoNonDominatedChr"
Private Const g_ElitismDelete As String = "Delete from Elitism"

Private Const g CopyGenerationToEvaluation As String = "Insert into RndEvaluation [intTruckld,
intRouteld, intChromosome, intStartTime, intStartTimel, intStartTime2, intTotalStartTime, intRank]
Select intTruckld, intRouteld, intChromosome, intStartTime, intStartT) imel, intStartTime2,
intTotalStartTime, intRank from Generation"

Private Const g_TransferElitismToGeneration As String = "Insert into GenerationfintTruckld,
intRouteld, intChromosome, intStartTime, intStartTimel, intStartTime2, intTotalStartTime, intRank]
Select intTruckld, intRouteld, intChromosome, intStartTime, intStartTimel, intStartTime2,
intTotalStartTime, intRank from Elitism"

Private Const g_ExperimentDelete As String = "Delete from Experiment”

Private Const g_BestChrmosomeDeleteAll As String = ""Delete from BestChromosome'"

Private Const g_ParettoScheduleDelete As String = ""Delete from Paretto .

Private Const g_OriginalScheduleDeleteAll As String = "Delete from OriginalSchedule"

Private Const g_PrimaryAll As String = "Select * from PrimaryTable"

Private Const g_ModelState As String = "Select * from ModelState"

Private Const g_LocationAll As String = "Select * from City"

Private Const g_RouteAll As String = "Select * from Route"

Private Const g_RefineryAll As String = "Select * from Refinery”

Private Const g_ScheduleAll As String = "Select intChromosome, intT ruckld, intScheduleld,
intRouteld from Schedule"

Private Const g_ScheduleCrossOver As String = "Select intChromosome Jfrom Schedule"

Private Const g_BottlingPlantAll As String = "Select * from BottlingPlant"

Private Const g_ExperimentAll As String = "Select * from Experiment"

Private Const g_ParettoDominatedChr As String = "Select * from ParettoDominatedChr"

Private Const g_ParettoNonDominatedChr As String = "Select * from ParettoNonDominatedChr"
Private Const g_TruckAll As String = "Select * from Truck"

Private Const g TruckAllByFirstPosition = "SELECT T ruck.intTruckld, Route.intRouteld,
BottlingPlant. BPId, Truck.intCapacity FROM [Truck INNER JOIN BottlingPlant ON
Truck.intCurrentLocation = Bottling Plant. BPId] INNER JOIN Route ON BottlingPlant. BPId =
Route.intSourceld"

Private Const g_RndEvaluationAll As String = "Select * from RndEvaluation"

Private Const g_RndEvaluationAllBatchRds As String = "Select intTruckld, intRouteld,
intChromosome, intStartTime, intStartTimel from RndEvaluation"
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50.

51

52.

53

54.

55.

5e.

57.

58.

59.

60.

61.

62.

63.

64,

65.

Private Const g RndBpRepairTech As String = "SELECT sumfintCapacity] as sumCapacity,
intSourceld FROM [RndEvaluation INNER JOIN Route ON RndEvaluation.intRouteld =
Route.intRouteld] INNER JOIN Truck ON RndEvaluation.intTruckld = Truck.intTruckld "

Private Const g RndRefineryRepairTech As String = "SELECT sum[intCapacity] as sumCapacity,
intDestinationld FROM [RndEvaluation INNER JOIN Route ON RndEvaluation.intRouteld =
Route.intRouteld] INNER JOIN Truck ON RndEvaluation.intTruckld = Truck.intTruckld "

Private Const g_RndGetOverSupplyScheduleld As String = "SELECT intScheduleld FROM
[RndEvaluation INNER JOIN Route ON RndEvaluation.intRouteld = Route.intRouteld] INNER
JOIN Truck ON RndEvaluation.intTruckld = Truck.intTruckld "

Private Const g_RndGetStarvationScheduleld As String = "SELECT intScheduleld,
RndEvaluation.int Truckld, RndEvaluation.intStartTime, RndEvaluation.intRouteld,
RndEvaluation.intChromosome FROM [RndEvaluation INNER JOIN Route ON
RndEvaluation.intRouteld = Route.intRouteld] INNER JOIN Truck ON RndEvaluation.intTruckld =
Truck.intTruckld "'

Private Const g RouteMin As String = "SELECT MinfintDistance] AS MinDistance FROM
[BottlingPlant INNER JOIN Route ON BottlingPlant. BPId = Route.intDestinationld] INNER JOIN
Refinery ON Route.intDestinationld = Refinery.Refineryld "'

Private Const g_RndEvalDueDateCost As String = "Select RndEvaluation.*, intTime FROM
RndEvaluation INNER JOIN route ON RndEvaluation.intRouteld = route.intRouteld"

Private Const g_BestChromosomeDueDateCost As String = "SELECT BestChromosome.*, intTime
FROM BestChromosome INNER JOIN route ON BestChromosome.intRouteld = route.intRouteld"
Private Const g_RouteComp As String = "SELECT Refinery.intSupplyMonth, Route.intRouteld,
BottlingPlant.intGasDemandMonth FROM BottlingPlant INNER JOIN [Route INNER JOIN
Refinery ON Route.intDestinationld = Refinery.Refineryld] ON BottlingPlant. BPId =
Route.intSourceld;"

Private Const g RouteCompAll As String = "SELECT Refinery.txtName as RefName,
Route.intRouteld, Bottling Plant.txtName as BPName, intCost FROM BottlingPlant INNER JOIN
[Route INNER JOIN Refinery ON Route. intDestinationld = Refinery.Refineryld] ON
BottlingPlant. BPId = Route.intSourceld;"”

Private Const g_ScheduleComp As String = "SELECT T ruck.txtTruckName, Refinery.txtName as
RefName, BottlingPlant.txtName as BpName, Route.intRouteld, Schedule.intScheduleld,
Schedule.intChromosome, truck.IntTruckld, intCost, intDistance, intfatigue, intTime,
truck.IntCapacity, Refineryld, Bpld FROM [[Route INNER JOIN [Truck INNER JOIN Schedule ON
Truck.intTruckld=Schedule.int TruckId] ON Route.intRouteld=Schedule. intRouteld] INNER JOIN
Refinery ON Route.intDestinationld=Refinery. Refineryld] INNER JOIN BottlingPlant ON
Route.intSourceld=Bottling Plant. BPId"

Private Const g_BestChromosomeCompelte As String = "SELECT Truck.txtTruckName,
Refinery.txtName as RefName, BottlingPlant.txtName as BpName, Route.intRouteld,
BestChromosome.intScheduleld, BestChromosome.intChromosome, truck.IntTruckld, intCost,
intDistance, intfatigue, intTime, truck.IntCapacity, Refineryld, Bpld, intStartTime FROM [[Route
INNER JOIN [Truck INNER JOIN BestChromosome ON
Truck.intTruckId=BestChromosome.intTruckld] ON Route. intRouteld=BestChromosome.intRouteld]
INNER JOIN Refinery ON Route.intDestinationld=Refinery.Refineryld] INNER JOIN BottlingPlant
ON Route.intSourceld=BottlingPlant. BPId"

Private Const g RndEvalUnionCost As String = "Select count{RndEvaluation.intRouteld] as
sumRoute, RndEvaluation.intRouteld, intUnionFactor FROM RndEvaluation INNER JOIN route
ON RndEvaluation.intRouteld = route.intRouteld"

Private Const g_BestChrUnionCost As String = "Select count[{BestChromosome.intRouteld] as
sumRoute, BestChromosome.intRouteld, intUnionFactor FROM BestChromosome INNER JOIN
route ON BestChromosome.intRouteld = route.intRouteld"

Private Const g_RndEvalRoute As String = "Select RndEvaluation.* , Route.intTime,
Route.intDistance FROM RndEvaluation INNER JOIN route ON RndEvaluation.intRouteld =
route.intRouteld"

Private Const g_RndEvalDueDateBatchCost As String = "Select RndEvaluation.”, intTime FROM
RndEvaluation INNER JOIN route ON RndEvaluation.intRouteld = route.intRouteld"

Private Const g_ScheduleCost As String = "SELECT intChromosome, sumfintcost] as sumCost " & "
FROM schedule INNER JOIN route ON route.intRouteld=schedule.intRouteld where inttruckld <> 0
group by intChromosome"'
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66.

67.

68.

69.

70.

71.

72.

73.

74,

75.

76.

77.

78.

79.

80.

81.

82,

Private Const g_FinalTravelTime As String = "SELECT sumfintcost] as sumCost, intTruckld,
sumf[intStartTime] as SumTravelTime FROM RundEvaluation INNER JOIN route ON
route.intRouteld=RndEvaluation.intRouteld"

Private Const g_BestChrFinalTravelTime As String = "SELECT sumfintcost] as sumCost, intTruckld,
sumfintStartTime] as SumTravelTime FROM BestChromosome INNER JOIN route ON
route.intRouteld = BestChromosome.intRouteld"

Private Const g_BestChrTotalWorkingHour As String = "SELECT Sumf[route.intTime] AS

sum Travel Time, Sum/[route.intSafety] AS sumSaftey, Sumfroute.intFatigue] AS sumFatigue,
BestChromosome.intChromosome, Truck.txtTruckName, BestChromosome.intTruckld FROM
[BestChromosome INNER JOIN route ON BestChromosome.intRouteld = route.intRouteld] INNER
JOIN Truck ON BestChromosome.intTruckld = Truck.intTruckld"

Private Const g_BestChrTotalTravelDistance As String = "SELECT Sum/{route.intDistance *
route.intCost] AS sumDistanceCost, Sum[route.intDistance| as sumDistance ,
BestChromosome.intChromosome, txtTruckName, Truck.intTruckld, SumfintAccidentNumber]| as
sumAccidentNumber FROM [BestChromosome INNER JOIN route ON BestChromosome.intRouteld
= route.intRouteld] INNER JOIN Truck ON BestChromosome.intTruckld = Truck.intTruckld"
Private Const g_TotalTravelDistance As String = "SELECT Sum/[route.intDistance * route.intCost] AS
sumDistanceCost, Sum/[route.intDistance] as sumDistance , SumfintAccidentNumber] as
sumAccidentNumber, intChromosome, intTruckld FROM RndEvaluation INNER JOIN route ON
route.intRouteId=RndEvaluation.intRouteld"

Private Const g_TotalWorkingHour As String = "SELECT S umfroute.intTime] AS sumTravelTime,
Sum/(route.intSafety] AS sumSaftey, Sum[route.intF atigue] AS sumFatigue,
RndEvaluation.intChromosome, Truck.txtTruckName, RndEvaluation.intTruckld FROM
[RndEvaluation INNER JOIN route ON RndEvaluation.intRouteld = route.intRouteld] INNER JOIN
Truck ON RndEvaluation.intTruckld = Truck.intTruckld"

Private Const g_TotalOperation As String = "SELECT CountfintScheduleld] AS sumOperationTime,
RndEvaluation.intChromosome, Truck.txtTruckName, RndEvaluation.intTruckld FROM
RndEvaluation INNER JOIN Truck ON RndEvaluation.intTruckld =T ruck.intTruckld"

Private Const g_EvaluationCostGroupByChromosome As String = "SELECT sumfintcost] as sumCost,
intChromosome, maxfintStartTime] as SumTravelTime FROM RndEvaluation INNER JOIN route
ON route.intRouteld=RndEvaluation.intRouteld where inttruckld <> 0 group by intChromosome"
Private Const g_NumberOfTrucksUsed As String = "SELECT RndEvaluation.intTruckld,
RndEvaluation.intChromosome From RndEvaluation"

Private Const g_BestChrNumberOfTrucksUsed As String = "SELECT BestChromosome.intTruckld,
BestChromosome.intChromosome From BestChromosome"

Private Const g_totalOtherCost As String = "SELECT sumfintcost] as sumOtherCost FROM
RndEvaluation INNER JOIN route ON route.intRouteld = RndEvaluation.intRouteld "

Private Const g_BestChrtotalOtherCost As String = "SELECT sumfintcost] as sumOtherCost FROM
BestChromosome INNER JOIN route ON route.intRouteld = BestChromosome.intRouteld"”

Private Const g_BestChrBetweenDistanceCost As String = "SELECT * FROM BestChromosome
INNER JOIN route ON route.intRouteld = BestChromosome.intRouteld"

Private Const g_BetweenDistanceCost As String = "SELECT * FROM RndEvaluation INNER JOIN
route ON route.intRouteld = RndEvaluation.intRouteld"

Private Const g_BPInventoryCost As String = "SELECT count[Route.intSourceld] as deliveredLpg,
BottlingPlant.txtName, BottlingPlant.intCapacity, BottlingPlant.intStarvMonthFactor,
BottlingPlant.intStarvationMonthly, BottlingPlant.intOverSupplyFactor, Bottlin gPlant.intOverSupply
FROM [RndEvaluation INNER JOIN Route ON RndEvaluation.intRouteld = Route.intRouteld]
INNER JOIN BottlingPlant ON Route.intSourceld = BottlingPlant. BPId"

Private Const g_BestChrBPInventoryCost As String = "SELE CT count[Route.intSourceld] as
deliveredLpg, BottlingPlant.txtName, BottlingPlant.intCapacity, BortlingPlant.intStarvMonthF actor,
Bottling Plant.intOverSupplyF actor, BortlingPlant.intStarvationMonthly, BottlingPlant. intOverSupply
FROM [BestChromosome INNER JOIN Route ON BestChromosome.intRouteld = Route.intRouteld]
INNER JOIN BottlingPlant ON Route.intSourceld = BottlingPlant. BPId"

Private Const g_RefinerylnventoryCost As String = "SELECT count[Route.intDestinationld] as
utilised, Refinery.txtName, Refinery.intCapacity, Refinery.intAllowMonthFactor,
Refinery.intAllowDayFactor FROM [RndEvaluation INNER JOIN Route ON
RndEvaluation.intRouteld = Route.intRouteld] INNER JOIN Refinery ON Route.intDestinationld =
Refinery.Refineryld"
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83. Private Const g_BestChrRefinerylnventoryCost As String = "SELECT count[Route.intDestinationld]
as utilised, Refinery.txtName, Refinery.intCapacity, Refinery.intAllowMonthFactor,
Refinery.intAllowDayFactor FROM [BestChromosome INNER JOIN Route ON
BestChromosome.intRouteld = Route.intRouteld] INNER JOIN Refinery ON Route.intDestinationld
= Refinery.Refineryld"

C.5 Scaling Methods

The following approaches are alternative scaling methods developed for this GA
application.

€.5.1 Linear Transformation Approach:
This is a useful scaling procedure introduced in [C-1]. In this method the raw fitness is
defined as f and the scaled fitness as f '. Linear scaling requires a linear relationship

between f and f as follows:

[ =af +b

The coefficient @ and b can be determined in different way. However the aim is to keep the
average scaled fitness to be equal to the average raw fitness. This is to ensure that each
average population member contributes one expected offspring to the next generation. To
control the number of offspring given to the population member with maximum raw fitness
the following equation can be used.

fmax . Cmult X favg

C, ., is the number of expected copies desired for the best population member. For a typical

small population (n = 50 to 100) this value is mostly set to 1.2 to 2. This approach is
conducted in [C-1] using three functions namely, prescale, scale and scalepop as follows:

e Prescale Function:
e This procedure takes the average, maximum, and a minimum raw fitness value, called
umax, uavg, and umin, and calculates linear scaling coefficients a and b as described

carlier. If it is possible to scale to the desired multiple, C,,, (known as fmultiple in the

code), then that is the computation performed. Otherwise, scaling is performed by
pivoting about the average value and stretching the fitness until the minimum value
maps to zero.

Function Presacle (umax, uavg, umin: real; var a, b: real);
Const fmultiple=1.5  {fitness multiple is set to 1.5}
Var delta: real; {devisor}
Begin
If umin> (fmultiple*uavg-umax)/(fmultiple-1) { none negative test)
then begin { Normal Scaling}
Delta:= umax-uavg;
a := (fmultiple-1)*uavg/delta;
b := vavg* (umax-fmultiple*uavg)/delta;
end else begin  { Scale as much as possible}
Delta:= uavg-umin;
a := uavg/delta;
:=-umin‘uavg/delta;
end;
end;

Figure C-28 Pre-Scale Function
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e Scalepop Function:

e This function is called after prescale procedure to scale all the individual raw fitness

values using the simple function scale as described in the following.

Using the fitness values obtained in section 4.5.2 and using the above procedures the

Figure C-29 Scale Function

Figure C-30 Scaleop function

linear scaling of fitness values is obtained as follows:

c.5.2

Raw fitness Scaled Fitness value

Chromosomes . P
Values Linear Transformation

1 6758 25967.3
2 52560 48868.3
3 26786 35981.3
4 106141 75658.8
5 101384 73280.3
6 107390 76283.3
7 135709 90442.8
8 112194 78685.3
9 0 22588.3
10 105216 75196.3

Figure C-31 Scaling using Linear Transformation

Chromosem Fitness values ( Linear Transformation)

10 1 2
g 12% A% 8%

m1 mn2 o3 04 ms 06 [OF 2 =18 1] ©10

Figure C-32, linear scaling mechanism

Ranked Based Fitness Assignments

In this method the population is sorted according to their cost values. The fitness assigned
to each individual depends only on it position in the individual rank and not on the actual
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cost values. This method attempts to prevent possible premature convergence, when the
selective pressure has cause the search to narrow down too quickly. This method introduces
a uniform scaling across the population and provides a simple and effective way of
controlling selective pressure. Considering Nind to represent the number of individual
chromosomes in the population, Pos the position of an individual in this population (the
least fit individual has Pos =1, the fitness chromosome Pos= Nind) and SP the selective
pressure. The fitness value for a chromosome is calculated as follows [C-1]:
Fitness (Pos)=2-SP+2. (SP-1). (Pos-1)/ (Nind-1)

Typical values for SP are in the range of [1.0, 2.0]. Figure C- 33, illustrates how this
approach was coded.

Private Funetion ScalingRankedLincarMethod() As Double
1A dded = False
Dim valElement As Variant
“ eale sum of all fitness values
For Euch valElement In dicFliness.Keys
' o rank the primary costs
For j = 0 To colRevRanked.count - 1

1f (colReyRanked(] + 1) < dicFi liem{valElement)) Then
Call calK Ked. Add(dicFi valElement), , § + 1)
IsAdded = Trie
Exit For

End If
Next
11 (isAdded = Falie) Then
Ranked. Add dicFi I 1ED

Eod If
isAdded = False
Next
* o obtain the fitness of each individual in a generation
Fori=1 To colRevRanked.count
afterSealed = LinearRankedSealingFitness(i, colRevRanked.count)
iRealCls Postiion = GetlndexOfMicti dicFi
colReyRanked (1))
dicScaledFitness.Add iRealChramosomuPosition, afterSealed
sumTotulFilnesses = sumTotulFitnesses + aflerScaled
Next
! return the total scaled ehromosome
5 kedLi | = sumTotalFi

Tiems.

yidicF

End an-cliun

Figure C- 33, Ranked based fitness assignment method

C. 6 Selection Method

The tournament method is an alternative selection method developed in this application.
What fallows demonstrates how this method was implemented in this application.

C.6.1 Tournament:

In this selection, pairs of individuals are picked at random from the population. The one
with higher fitness is copied into a new pool for mating operations. This process is repeated
as often as individuals must be chosen. Also, larger tour sizes are employed by picking n
individuals instead of two. This increases the selection pressure. The fitter member in the
pool has a higher chance to get selected for reproduction. Figure C-34 illustrates the
sequence involved in this selection method and Figure C-35 illustrates how this method
was implemented. There are several advantages in using tournament selection [C-1]:

e This approach is shown to work well and superior to roulette wheel.

e The tournament size can vary.

e This method could be extended to multiple criteria problems.
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r |
| Specify a Tour Slze |

|

|

|I 1.6 Tour size=2 |
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| [ Individual chromosomes ina | |

| Select Individuals according . Indnllduald\r:l:;?us:meslna' |
| to the Tour Size | ;;";(2 = | |

| X2,...

e — |

| Select the fitest individual | |

from the set - i |
| F(X1)>F(X2)

|
| | |

|

|

| New population |
| Xn

pure C-34 Tournament Selection

Figure C-35, Tournament selection method

C.7 Crossover operafors

In chapter 4 in section 5.8.7 a single point fixed length crossover operator was discussed.
Here two other alternative crossover methods developed are illustrated.

C.7.1 Single Point, Variable Length Crossover:

This crossover operator results in an offspring that may have variable number of trucks. In
this case a crossover point is selected by generating a random number between the
minimum and maximum of the shortest chromosome as in the last case. Then the first
portions stay fixed and the second portions are exchanged.

1 2 3 4 5 ] 7 8 9 10 11 12
Crossover
Min_ | Max

Figure C-36 crossover operation
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Figure C-37 variable length offspring generated.

Figure C-38 and Figure C-39 illustrate variable length offspring and their corresponding
Fitness’s generated using this crossover operator. Figure C-40, represents how this method
was impl_emepted.

i | i e 1 E
7854 27
T i Esfaban |
12
. o N Abas
35
f=3 = | Tenran A
[~ 15 | 4
[y i Esfahan @ Poms |
2
~Tbost__ Exlahon | Karman
2 F3 14 14 14 14
i | Abidan_|_Esiananc 5| Mashhad | _Abas
3 3 8 8 35 10 10
i = n_ | Abstan Katal Abadan yozd Tefiron Fbus_ | E
26 26 11 11 37
=11 =5 ashhad | Esfahan | Es{ShanG. a_lg Karal Tehran | Kafman
25 7 55
n “Abodan "~ Tohian
12 5]
= = Az [ Rbas 3 E
26
] “Eafohon ||
—
=1 4 i
67348
= =3 n
AL 0l
6738
23 23
6100 ‘Arak Qom ; ESEE
T 14 15 15 15 &‘i:n *_4_0 40
14201 Karman Abos Mash “Abas Qom: Al ! yard
12 12 F3 22 24 24 11 11
ANy Mashhad | Abas Hashan Arak | Manbhad | Arok yord | Ahas Karaj

Figure C-39 Variable length offspring 2
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Figure C-40, Variable Length Crossover Method

C.7.2 Partially Mapped Uniform Crossover:

In this operator, at the top level, the smallest chromosome is selected. Two genes are
randomly selected from the minimum and maximum number of trucks exists in the
chromosome. Here genes refer to individual truck schedule. The corresponding genes are
obtained from each individual parent chromosome. Establishing the minimum and
maximum length of the genes, a random number is generated (x). The first offspring is
obtained by copying the first gene. Randomly (x) fractions of this gene are selected. These
fractions are replaced with the corresponding genes from the second gene. The modified
gene is replaced back into the first chromosome resulting in a new offspring. This
procedure is also followed on the second parent chromosome to generate the second
offspring. The following graphically demonstrated this crossover mechanism. Figure C-45

demonstrate how this method was implemented in this application.
e Random selection of genes from top level parent chromosomes

12

Min

| Max

Figure C-41 Random Selection of genes from parent chromosomes

Appendix C-20




Appendix C: GA Design and Developments

e Selection of two individual genes from the original parent chromosomes. Randomly a
number of fractions are chosen from a smaller gene. In this case the random number is
generated between one and three (e.g., rand [1,2] = 2) as there are only three routes in

gene B.
1 | 2 | 3 4 5 6 7 8 9 10 11 12
Cost 12 12 14 14 11 11 31 31
Genel | 13675 Esfahan | Abas | Kashan| Abas | Mashhad | Abas Karaj |Esfahan| Qom
3 3 39 39 17 17
Gene2 __11496' Tehran | Abadan| Karaj | Tehran | Qom Arak | Babol
Min Max
|
1

Figure C- 42 Selection of Individual genes from parent chromosomes
e Modification of the first gene by exchanging routes with the chosen fractions from the

second gene.

~ T 0 2 I3 4 | 5 6 | 7 8 ) 10 11 12
3 3 39 __39 11 _tl 3 31
CH1 | 12880 Esfahan | Abadan| Karaj | Tehran | GQom Abas_| Kara) |Esfahan| Qom

[

|
Figure C- 43 Modification of the First Gene
e Updating the first parent chromosome with the modified gene to obtain the new

offspring.
"cost | S1 | CL sL | EL | s. | EL | SL | EL ] s | EL | St EL |
78022 27 27 15 15 19 19 28 28 15 15
| TeeS Babol Esfahan| Karaj | Abas Qaom Arak Kata) |Esfahan| Kashan| Abas Qom
3 3 39 39 11 11 31 31
930 pad ara e a Qo Aba ara ana Qo
35 35 12 12 18 18 9 9 11 11
15765 Karaj Tehran | Karaj | Abas | Kashan| Arak fahanC] Abas | Babol | Abas | Karaj
15 15 i 7 19 19 14 14
15150 Kashan Arak Qom Arak [Esfahand Arak__ |Mashhad
14 14 15 15 15 15 40 40
14201 Kerman Abas  |Mashhad Abas | Qom Abas | @om | Tehran | yazd
12 }- 12 22 22 24 24 11 11 10
13131 Mashhad | Abas | Kashan| Arak [Mashhad Arak yazd | Abas | Kara] | Abas

Figure C-44 Offspring 1: updating the first chromosome
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Figure C-45 Partially Mapped Uniform Crossover

C.8 Mutation Operator

Chapter 4 section 5.8.8 described the mutation operators developed for this application. The

following is the second alternative method developed for this application

C.8.1 Inversion Mutation

Using this mechanism, two points are chosen along the length of the chromosome. Then the
chromosome is cut at these points and the end points of the cut section switch places. For
example considering the following nine position chromosome, where two inversion sites
are chosen at random (e.g. site 3 and 7). Figure C-47 shows how this method is
implemented and it indicate its impact on the chromosome cost. Figure C-48, illustrates

how this operator was coded.
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| Cost |
12 12 22 22 24 24 11 11
Abas | Kashan | Arak | Mashhad Arak _"Ed | Abas | Kara]

Cut Point1 Cut Point2
6 A g

4
22
Mashhad BLGEES

Figure C-47 a gene after Inversion mutation

Figure C-48, Inversion Mutation operator

C.9 Replacement Strategies

Chapter 4, section 4.5.9 described how elitism was implemented in this application. The
aim of this section is to demonstrate the steps and functions used in MakeEliteSchedule
(ByRef colCost As Collection) procedure to perfume elitism concept in this application.

This function is described in 4 sections. The first function is used to update Elite data
collections from competitive chromosomes in each generation. There are two main Elite
collections namely known as m_ColEliteChromosomes and colCopyElite. The latter is a
copy of the first collection data. The first collection data is updated in initial population
first. The second collection data is updated with the fittest chromosomes form the current
generations. Function 1 as illustrated in Figure C-49 performs this operation.

As there might be scenarios, where m_ColEliteChromosomes is not updated with the latest
fit chromosomes. A new dada collection known as CandidateCol is generated. In this
collection the best chromosomes are gathered from both m_ColEliteChromosomes and
colCopyElite clite collections. This done as shown in Figure C-50
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Figure C-49 Fl;;ctionl, used to updatz m_ColEliteChromosom_es & colCopyElite collection
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Figure C-50, Function 2, comparing Elite collection to
update Candidate data collection

The Candidate collection contains the fittest chromosomes and the most Elite members.
Comparing these chromosomes with the members of m_ColEliteChromosomes, the least
competitive members of this elite collection are identified. Function 3 as indicated in Figure
C-51 is used to remove the least competitive member of elite collection and also it updates
the Elitism database with the latest changes.
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Figure C-51, Removing less cBEpetitfve_chromosomeg
from elite collection and database

One the lease competitive members are removed a check is done to make surc that the
chromosome ids in the Candidate collection and the individuals in
m_ColEliteChromosomes are not the same. This could happen due to the way that
databases operate. If the current member of the m_ColEliteChromosomes has the same id
as the current member of the Candidate collection, then a new Id is generated for the
chromosome in the Candidate collection. This is done to make sure that each chromosome
has its own specific ids and to prevent any further complications. Once the chromosomes’
ids are different then the m_ColEliteChromosomes is updated with the fittest
chromosomes. Then the Elite database is updated with the fittest chromosomes. The
individual member of Elite database is then transferred to the next generation. Function 4 as
illustrated in Figure C-52is used to perform these operations.
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to next generation

C. 10 Steps developed in Pareto Optimal Genetic Search Engine

The Following steps are developed to model Pareto Optima Search for this application.

C.10.1 Initialisation:

This step is no different as the initial population described in section 4.5.3, where a number
of individual chromosomes are randomly generated form the main decision variables based
on the specified decision spaces. The function called DoParettoSelectionMethod is used to
initiate the Pareto search. Figure C-53, shows the steps in this algorithm. This function
starts with initialising arrays to collect dominated and non-dominated individuals
(m_colNonDominated, m_colDominated). It performs dominance check on all members of
a population. This is done using function TotalDominanceCheck (popNo, genNo). This
function is a complex nested function, which takes two input arguments such as the
population size and the number of generation specified by the user. The component of this
function is described latter. The outputs of this function are those non-dominated schedules,
which are stored in a collection array.

The dominated individuals are deleted from the population. Then the total numbers of non-
dominated schedules are checked to see if it matches the specified population size. If this is
not true, new offspring are created from the existing non-dominated chromosomes. In a
case, where there is only one non-dominated chromosome; a new chromosome is generated
randomly. The selected individuals undergo genetic reproduction process. As a result the
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recently generated individuals are added to the population. Once again a check is done to
remove the non-dominated chromosomes. These steps are carried by a function called
ParettoGenerateNewSchedule. This function is further described in C.10.3.

Pareto Optimal search
DoParettoSelectionMethod(genNo As Integer)

—— = " it the total numbel
Update the population variable A genefa'l.ioo(:s :l:: notr r(:{el
popNo = GASpec.PopulationNo * genNo 4 Move to next genration
— —*‘ = !.f -
the Non-domi e
collection < No < popho) =
If (m_colNonDominaled Is Nothing) Then g Wﬂ_,?--
Sel m_colNonDomi = New Ci i e P
End If
— = J YES
I ) — ¥
— = ——— = —— - S
alit the Generate new schedules \ 3] e
collection | ParsttoGeneraleNewSchedule {popho) |
If {m_colDominated Is Nothing) Then — —
Set m_colDominated = New Collection — i ==
LE— Endllf - | Increment the population number
+ tmpPopNo = tmpPopNo + 1
[ 1
Perform Domi check on ion N o
Call TolalDominanceCheck(popNo, genNo) Perform Doml check on b
Call TotalDominanceCheck{popNo, genNo)
tho inated form the | END
pulation | |
ParettoDelDominatedShdl | I | -
Get the number of non dominated schedules |

tmpPopNo = m_colNonDominaled.count

Figure C-53 Pareto O—ptimal search

C.10.2 Dominance Check

As specified above, Function TotalDominanceCheck (popNo, genNo) perform the
dominance check operation. In this step the current population is checked to see which
individuals are non-dominated. Figure C-54, shows the steps taken to check the dominance
of individuals in a population. This function first start with going through each individual in
a population and record the related cost factors in a collection array (m_colSchedulesCos).
Then the Boolean parameter Dominance for each individual is set to a default False value.
After doing so, the major function called DominanceCheckForOneSchedule is called.
This function is used to compare each individual’s cost parameters with other members cost
parameters for dominance. This is a complex function as show in Figure C-56.
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Figure C-54 Dominance Check function

The DominanceCheckForOneSchedule function starts by reading in the first chromosome
from the (m_colSchedulesCost) collection array. This scheduled is recorded in a collection
array known as hostScheduleCost. Further, the algorithmstarts from the beginning of the
(m_colSchedulesCost) array and if the hostScheduleCost is not the same as the chosen
schedule then this schedule is recorded in an array known as comparedScheduleCost.
These two arrays are compared for dominance. Here a function is referenced that goes
through each individual cost function for each chromosome and compare the relevant costs
factors for dominance. This function is called ParetoDominanceCheck.

As shown in Figure C-55, this method is a Boolean function that determines if the host
schedule is dominated or not. The inputs to this function are such as the cost objective to be
considered, the same cost objective from each considering schedule known as
hostScheduleCost and comparedScheduleCost. For instance considering minimisation of
distance cost is coded as follows:

ParetoDominanceCheck (hostScheduleCost.DistanceCost,
comparedScheduleCost.DistanceCost, paretoObjective.DistanceCost)

In this way, the distance cost from the hostSchedule is compare with the distance cost from
the comparedSchedule. As the objective is to minimise, if the host schedule cost is Iess
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than or equal to the compared schedule then output of this function would be False to
indicate the host schedule is not dominated and therefore is non-dominated.

This output is added to a collection array known as isDominated . This collection is used to
hold the output of dominance check for each cost parameter considered. After updating the
isDominated collection with the true and false values; if any of the cost parameters of the
Host schedule dominates the other schedule’s cost parameter then the host schedule is non-
dominated and this schedule is recorded in the non-dominated collection array. Otherwise,
it is recorded in the dominated collection array for deletion from the population.

ParetoDomi h |Hostval As Double
dblComparedVal As Double operator As
PareloContantValues) As Boolean

/ f Maximising the Objective L y "I Minimising the Objective
J B -5-\-."'—._ ,-""’.. . T ;J
£ (operator = MaximumVal) __—a—NC -_'j'\ 1f (operator = MinimumVa ] =’
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Wl (dolHostva >= "l (dbiHostVa <=

I > Set the Boolean Variable dominance

dominatec = True
NEC Sal the Boolean Variable domi I
= dominatec = False

“—___dolComparedva) _— <~ dbiComparedVa) _—
YES -
¥ _ < NC

—Figure C-55 Pareto dominance check
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_Figure C-56 Checking dominance of each schedule in a
population

€.10.3 Adjustment

As mentioned above after the dominance check the dominated individuals are removed
from the population. These individuals are replaced with new offspring using the genetic
reproduction processes. Figure C-57 shows the steps involved in function
ParettoGenerateNewSchedule, to perform this operation.

Using this function, the population is checked to see if all the members are non-dominated
individuals, if so, the size of the population is increased and a new offspring is generated by
choosing two parents from the non-dominated population. In contrary, if not all the
members are non-dominated, then the same procedure is followed until all the members are
non-dominated. These steps are followed until the number of generation specified is
reached.
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Figure C-57 Generate New schedules in Pareto search
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ﬁ

D. 1 Advantages and disadvantages of simulation

Some of the competitive advantages of simulation modelling can be summarised as follows
[D-1]:

The basic component of simulation is easy to comprehend and hence often easier to
justify to management or customers than some of the analytical models.

A simulation model may be more credible because its behaviour has been compared to
that of the real system and it captures more of true characteristics of the system.
Simulation allows experimentation with a model of a system and it prevents potential
disruption in a real system and therefore preventing critical risk takings.

Simulation allows identification of problems, bottlenecks and design shortfalls before
building or modifying a system.

Tt allows evaluations and comparison of many alternatives designs and rules of
operation before committing resources and investment to a project.

Simulation allows study of the dynamics of a system how it changes over time and how
subsystems and components interact.

A simulation model provides about the only method to study new, non-existent
complex dynamic systems for which analytic or static (i.e. spreadsheet) models provide
at best a low fidelity model with correspondingly low accuracy.

However in implementing simulation modelling there are a number of drawbacks, which
are mentioned as follows [D-1]:

Simulation modelling requires special training and skills. The quality of the analysis
depends on the quality of the model.

Simulations are time consuming activity and expensive process. Usually data is not
available or costly to obtain, and the time available before decisions must have made is
not sufficient for a reliable study.

Simulation results may be difficult to interpret. In some situations, the simulations and
other visual displays, combined with the time pressure present on all projects, may
mislead decision makers into premature conclusions based on insufficient evidence.

In addition, inexperienced simulation analyst may spend too much detail to a model and
spend substantial time in model development and violating the project timelines
consequently. This often leads management to conclude that simulation, while a
promising and interesting technology, is too costly and time consuming for most
projects.

Using simulation before a specific problem is articulated may lead to a large number of
unfocused simulation runs that used inappropriately designed models, and produce little
or no information of value [D-2].

ﬁ
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D.2 Simulation Tools:

Jerry Banks et al. [D-3] classified simulation languages at three different levels. These
levels are such as:

D.2.1 System

A language can be classified on the basis of the type of system modelled. The two types of
systems that are generally recognised are discrete and continuous as explained earlier. In
discrete systems, the state variables change only at discrete points in time. These times
were referred to previously as event times. Systems involving inventory operations, many
manufacturing operations, and material handling systems are usually regarded as discrete
systems.

D.2.2 Application

Discrete event simulation software can be classified as special purpose or general purpose.
Special purpose simulation languages are designed to model specific environments. These
languages offer speedier model development and they are called simulator. This is in
contrast to general-purpose simulation software products, which are commonly called a
simulation language. The following table indicates the advantages and disadvantages of
each approach [D-4].

Table D-9 ues vs. General-Purpose Languag

Purchase and Training costs.

Tt allows user to concentrate on logic of |May not be flexible enough to meet the
system to be modelled not on computer  [special features of user’s system.
programming issues.

Avoid purchasing costs Time to develop the program

SUrpose ] Programmers knows the details of the | The entire program as to be debugged
SLanguages s Baeisl codes

i34

Leamning curve effects

D.2.3 Structural

The structural level is concerned with the modelling perspective taken by the discrete event
language. The three most prevalent orientations are as follows Nance [D-5]:

o Event Scheduling: In this perspective, a system being modelled is viewed as consisting
of a number of possible events at which states changes take place. The modeller defines
the events and develops the program logic associated with each event. This approach
was used in packages written in FORTRAN. SIMON, SLAM and SIMAN are
simulation of this type.

o Process interaction: [D-6] this perspective allows a modeller to represent a system as a
set of processes. For instance, a part following through several workstations is an
example of a process. Another name used to represent process interaction simulation
languages is network simulation languages. SIMULA and SIMSCRIPT are typical of

this approach.
ﬁ
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o Activity Scanning;: in this perspective, the modeller defines the conditions necessary to
start and end each activity and delay in the system. An activity is duration of specified
length and a delay is duration of unspecified increments, and if the conditions are
appropriate an activity will be started or terminated.

Although a simulation model can be built using general purpose programming languages
which are familiar to the analyst, available over wide variety of platforms and less
expensive, most simulation studies today are implemented using a simulation package. As
indicated in [D-7], these packages provide the end user with reduced programming
requirements; natural framework for simulation modelling, conceptual guidance, automated
gathering of statistics, graphic symbolism for communication, animation and flexibility to
change the model.

D.3 WITNESS Simulation Software

The following sections provide information on Witness simulation tool used in this
application.

D.3.1 Witness Advance features:

As described earlier, witness provides techniques allowing rapid construction of complex
and user friendly models. These features are described as follows:

D.3.1.1 Designer Element Library:

The designer elements are a palette of user-defined elements with display and detail
parameters already defined. These building blocks are stored in a file called
STARTUP.MOD, which is opened when Witness is initiated. The designer elements are
used to generate the basic elements included in the model. These elements can be selected
and dropped into the main modelling window. Using the Display and Detail forms on the
element, the user can further customise the elements.

D.3.1.2 Sub-Models:

These are the pieces of other models that the modeller might need to use over. The user can
save a model as a sub-model (.sub file) from the menu bar. This allows the selection of the
elements to be included in the sub-model. The sub model can be accessed from other
models by selecting and opening the appropriate .sub file. This feature reduces model
development time as the user does not need to rewrite some existing functionalities of
interest.

D.3.1.3 Module and Hierarchical Modelling:

Module is a designer element that allows one to encapsulate a sub-model into it. Once a
sub-model is assigned to a module element, the module can then enter the designer element
window and then dragged and dropped into the model development window. This feature
allows hierarchical modelling, which is a principle of object oriented programming
approach.

D.3.1.4 Object linking and Embedding-OLEIl:

W”_—/—ﬁ_
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Witness is capable of acting as an OLEII server. This allows running Witness from an
OLEIl controller application such as Microsoft Excel, Access and Visual Basic
applications. Also, Witness provides a Witness Command Language (WLC), using this
command one can run witness automatically by setting this command in a special file called
a command input file (.wel file). This facility is especially useful for running a series of
experiments where long batch runs are punctuated by a few commands that set up the next
experiment. This feature saves model building time to use this data directly. Also using this
feature, witness can be integrated with other OLEII applications to exchange information
and therefore preventing direct interface with the end users, who may have no prior
knowledge on simulation modelling.

D.3.1.5 Communication Features

To communicate the generated results form simulation model more effectively. Witness

represents a number of capabilities as follows:

¢ Reporting: The witness provides built-in reports, which are generated automatically
and presents results in a standard grid format. Also, a variety of charts and graphs are
available for further customisation.

e Process view: this provides a flow-charted view of the model in addition to the more
typical simulation model view. This type of view provides a better client
communication.

e AVI File: Witness allows recording both the virtual reality and 2-D simulation runs to a
windows video (.avi) file format. These files may then be distributed for presentation
purposes.

ﬁ
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E.1 Activity in supply-chain management

Some key management activities within supply chain include:

e Site selection: this involves how to locate a facility to achieve the outmost response.
This involves not only the manufacture’s facility but also the supplier’s factory,
warehouse and distribution centres.

e Forecasting: this involves forecasting demand for customers, which is the activity that
sets into motion planning and the material flow in the supply chain.

e Development of an operations plan: this activity corresponds to the sales needs. This
includes all the integrated activities, such as development of the master production
schedule, the material requirements plan and the operations schedule.

e Raw Material Management: this involves, raw material inventories, work in progress
and finished goods, such that there is sufficient materials and not to have stock out
situations, but not too much so that costs are unnecessarily high.

e Purchasing: this activity ensures that the right materials of the expected quality are
delivered at the right location on the specific date.

o Distribution requirements: this activity involves route planning, and transportation
for finished products.

E.1.1 Site Selection:

In the supply chain, the location of the operating facility is a critical factor in timely
delivery of products and services. The site selection or facility location for either
manufacturing plants or distribution centres is important in order to reach new markets,
increase production capacity and/or serve clients better. There are many factors that were
considered in selecting sites for the LPG bottling plants and distribution centres across the
country such as staffing, local conditions, labour, local population, proximity of sub
contractors and suppliers and availability of energy and raw materials. Furthermore, as
transportation cost adds significantly to the cost of finished products, the availability of
transportation facilities and networks are important for the delivery of raw materials and
dispatching finished goods.

E.1.2 Forecasting:

Forecasting, or estimating, the demand for the LPG cylinders is the starting point for all
operating activities. It is the trigger that sets the supply chain in motion and it initiates
activities such as production plans, personnel needs, capacity levels of equipments,
purchasing raw materials and transportation requirements.
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Figure E-58 the forcasting model used to estimate the total demand for LPG

Forecasting the demands for LPG is performed at both bottling plants and logistics
departments. Figure E-58, represents a time series forecasting method which allows the
managers to estimate the LPG demand in future based on historical data available from past
activities.

As it is evident from Figure E-58, the demand for LPG shows an increasing trend. Also, for
any given year, the demand for LPG peaks during the autumn and winter (e.g. code 3 & 4)
and falls at spring and summer time (e.g. code 1 & 2). Using the established regression line
from this chart, the managers could predict the future demand for spring 2004 as shown in
this figure.

In addition, bottling plant managers could predict the upcoming seasonal demands for LPG
using the historical data. The time horizon usually used by the production managers in
bottling plants covers a short range, which involves a time span from a few weeks up to
three months. Figure E-59, illustrates a typical forecasting chart used by the production
manager for predicting seasonal demands for LPG.

|

'@ Actual Demand —— Centered moving Average —< Deseasonalised —#— Regression line |

LPG Demand (Tonnes

1 2 34586 7 8 91011 1213 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 3233343536
Time (code 1=Spring 1997, 33 = Spring 2004) |

Figure E-59 a forcasting model used for Karaj Bottling Plant
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The logistics department could also make use of the forecasted demands from bottling
plants to set schedules and delivery plans to manage purchasing and transportation of the
required LPG from refineries to the required destinations.

E.1.3 Development of an operations plan

The objective of the operation plan is to specify all the activities necessary in order to
produce end products, or to provide the required service for a customer in timely manner.
The operation plan is generated based on customer orders. An operation plan for LPG
processing and distribution could be considered in short and medium range plans.

The short range may include activities such as scheduling LPG processing programs,
personnel job assignments, organising deliveries of raw materials and shipment of
cylinders. These plans are usually developed for a month period. The medium range plans
my include activities such as selection of new subcontractors, installation of new machines
and equipments and production plans.

As Shown in Figure E-60, the operation plan is driven by customers' demands or by
forecast demands from each bottling plant located across the country. The production
managers specify the demands on monthly basis. The Logistics manager in the central
office is responsible to establish an aggregated plan. The aggregate plan is the development
of an estimate for future needs of LPG cylinders. This estimate is usually generated from
inputs provided by bottling plants manager concerning orders from clients anticipated or
forecasted orders. The estimate is established by aggregating the LPG needed by each plant
into a total demand. The logistics manager uses the total demand to decide how to use
resources such as labour, vehicles and machines to meet the forecast/ actual demand in a
cost effective manner within the constraints and capacity of the facility.

Based on this plan, the logistics manger establishes the overall monthly raw material (i.e.
Butane gas) requirements plan and the transportation schedule for the company. The raw
material plan indicates the materials and their respective quantity to be ordered from
outsides considering the current inventory levels. The transportation schedule indicates the
time and quantity of raw material to be transferred from refineries to each Bottling plant in
the system. The bottling plant manager would use the transportation schedule to
approximate the raw material arrivals into the bottling plant to establish the operation
schedule for their respective plant.
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Figure E-60 Planning stages in supply chain operations

E.1.4 Raw Material Management:

In the supply chain one of the key issues that have to be managed is inventory. The
inventory covers a vast spectrum of material that is being transferred, stored, consumed and
produced during the considered organisation normal course of activities. In general there
are two approaches in inventory management. One is to keep the inventory as low as
possible in the supply chain, thus free up some assets for other activities. Alternatively,
move the inventory in the supply chain as fast as possible for delivery to the customer to
obtain the gains in the value added. The inventory exists in this supply chain could be
defined into the following categories:

o Raw Materials: This refers to the Butane gas produced in the refineries. These are the

starting elements for the gas cylinder filling process. These materials are purchased
from the refineries and they are transferred and stored in the bottling plants for
processing.

Transit Inventory: This category refers to those materials purchased from refineries
and they are being transported to the bottling plants.

Work in Progress: This represents the parts that are moving through the production
operation. At each stage, the pieces are being modified and value is being added. All
material between raw materials and finished product in each bottling plant are
considered as work in progress inventory.

Finished products: These are the gas cylinders or bulk products that are stored in the
dispatching inventories. The end user may use these products or they may be further
destined for another industrial user.
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The logistics department is responsible to monitor inventory levels in the supply chain to
prevent any breakdowns in the system. For this reason, this department checks the available
inventories with each supplier on daily basis. This is done in order to make sure that there is
enough supply to be taken for the required consumption.

In addition the inventories at the bottling plants are monitored every day. This includes the
raw material available in the reservoirs and the finished goods stored in the dispatching
inventories.

To monitor the inventories at each bottling plant, the department uses an in house inventory
control chart sheets. This control chart includes upper & lower control limits, which are
established to prevent any stock starvations or over supply of the inventories. These charts
are established on monthly bases. To establish these charts, the historical data on the daily
demand for the last five years for the considering period is collected. The mean (u) and the
standard deviations (o) for daily demands are calculated based on the collected data.

The safety stock level (SS) is calculated based on the company service level policy, which
is set at 98%. To calculate the safety stock level, Z value is obtained from the normal
distribution table. The Z value is the number of standard deviations the demand is from the
mean value. The following shows how the safety stock level is calculated:

SS=Z7c
The Lower bound on the control chart is established as follows:
Lb.=p+SS

The upper bound on the inventory control chart is established based on the safety
regulations. This regulation suggests that 10% of the LPG reservoir’s capacity is not to be
used during the warm seasons. Therefore, the upper bond for summer times is calculated as
follows, otherwise it stays the same as the actual capacity:

U.b. = actual capacity of reservoirs- (10% * actual capacity of reservoirs)

The following chart shows a control chart, which was established for the month of August
2004 for one of the bottling plants.
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Inventory Control Chart
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Figure E-61 Inventory control chart for Karaj Bottling Plant

E.1.5 Purchasing

In general, Purchasing is buying of materials and services from outside sources and it
involves transferring materials from sources to where it is needed. Purchasing the Butane
gas from the refineries is one of the main activities in this supply chain and it is the start of
the supply chain. This purchasing activity is initiated based on the clients demand for gas
cylinders.

Bottling plants manager based on the clients’ requirements establishes production plan.
Based on this plan the production manager decides what needs to be purchased. The
logistics manager mainly does the purchasing. Therefore, to make sure that there is no
break in this supply chain there is a need of close cooperation between bottling plant
managers, production personnel and the logistics manager.

In this organisation, the purchasing activity concerning the raw material is centralised. The

centralised purchasing means that all purchased items for every division are processed

through one department, which in this case is the logistics department. The centralised

purchasing could have a number of advantages such as:

e Reduces administration costs, the time taken to negotiate orders, billing costs and
consequently the overall costs.

e Relation with suppliers is simplified, as there would be fewer interlocutors.

E.1.6 Steps in purchasing process:

Figure E-62, illustrates the overall steps involved in purchasing Butane gas for bottling
plants in the supply chain. These steps are further described as follows:

o Purchase requisition: Production managers from bottling plants in the chain issue a
purchase or martial requisition. These requisitions are sent to purchasing in the logistics
department. This document is a request to buy Butane gas for consumption by bottling
plants. It includes the quantity to purchase, the delivery date, the account details to
charge and the location to deliver the order.
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Figure E-62 the purchasir_lg;roce;s ilﬁl?su_ppvchain_

e Request for supply: the purchasing in the logistics department would look for different
refineries that could provide the requested demand.

e Supplier Selection: the best supplier is selected based on the following factors
considered by the logistics manager: How far the refineries are located from the
demand points, How much gas supply could the refineries provide, Could the available
resources such as the vehicles and manpower mange the transportation of the required
raw material. Would the transportation from the selected refineries affect the agreed
delivery and due dates.

e Purchase order: the purchase department would send out a purchase order to the
selected Refinery.

e Supplier invoice: the selected supplier provides the purchase department with an
invoice.

e Payment: based on the terms and conditions offered by the suppliers and agreed by the
supplier manager, the payment is made by the account department.

e Vehicle routing and scheduling: the logistics manager sets a routing and scheduling
plan for transporting the required row materials to the respective bottling plants.

e Inspection: upon arrival of the raw materials by the ordered bottling plant, the
shipment is inspected and the material is received. Also, the logistics department is
updated with this shipment.

E.2 Supply chain Costs:

Figure E-63, gives a break down of the LPG supply chain costs according to various steps
exists in the chain from the supply of the raw material to the delivery of the finished
products. Based on the cost analysis performed in this supply chain, 68% of the total supply
chain cost is related to the upstream operations. Also, 10% of the cost is related to the
transformation process and 22 % to the down stream activities. The biggest cost in this
supply chain is related to the cost of LPG transportation from the refineries to the bottling
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plants. The downstream transportation is subcontracted to reduce the overall transportation
cost, which is reduced to 19% of the total cost.

Production Cost
10%

Financing )
(Upstream)—~
9%

- Inventory
“— (Raw Materials)
14%

Supply Chain Costs
Transport Financing ~ Sales Cost
(Finished Goods) (Downzf: tream) / 1% Transportation
19% . ! (Upstream)
45%

Figure E-63 LPG Supply Chain Cost

Appendix E-8




Appendix F: Data collected for Simulation Model

Development

ﬁ

F.1 Data collected for monthly capacities provided by

refineries:

The following tables indicate the monthly supply capacities provided by different refineries
in the supply chain.

F.1.1 Abadan:

Abadan Refinery
March Apni May Jun JJuly us! Soeptembar Detaber Novembar | December Januany Feol

367 367 367 367 367 367 200 200 367 367 367 367

225 225 226 226 325 367 225 367 367 250 300 300

225 225 225 225 250 600 226 225 225 200 200 25

A 225 225 725 25 250 225 345 345 275 225 725 489
195 185 185 95 300 383 225 225 225 225 225

500 300 300 00 300 150 185 275 0 185 300 185

367 367 387 367 367 367 38T 367 367 367 367 300

i 333 273 49 289 318 357 173 148 333 296 288 338

1) 136 187 30 198 263 330 182 305 287 221 6 287
10 131 184 72 138 72 541 221 181 178 50 7 140
11 175 171 08 152 203 185 277 324 160 a7 208 421
12 144 163 12 167 27 -95 330 _1__40 129 223 18 161
13 A75 211 245 281 280 139 114 252 -8 12 233 132
14 325 280 366 280 286 343 322 337 278 42 385 301
15 362 266 4 301 224 357 55 59 236 281 247 350
| 16 189 216 4 180 1 352 105 281 337 123 175 237
17 161 78 6 166 64 529 104 201 208 72 50 33
18 98 132 206 43 140 339 238 131 65 110 3
18 105 a8 78 108 75 0 268 157 110 30 80 5
'__213 435 208 269 240 270 19 143 237 1] 04 200 182
21 245 308 324 265 227 360 308 236 301 32 345 301
22 358 338 278 240 178 342 21 100 202 224 48 173
23 B2 153 50 141 138 341 78 334 184 177 95 184

24 196 28 58 67 83 594 183 107 A 65 180 T4
___’.’é 137 48 94 103 133 A5 273 266 221 162 68 442

26 96 160 75 48 128 1] 230 80 a6 172 58 42
27 374 234 269 86 149 25 [ 159 0 92 35 149

| 28 278 194 348 7 204 ax 203 280 181 284 361 217

F.1.2 Arak:
Arak Refinery
March April May Jun Juity Agust__| pmbsr | _ Oclober | November | December anua Fabruary

800 600 600 600 600 600 604 590 600 600 600 600

724 636 487 106 903 1190 800 /00 800 800 B0 800

1200 1200 1000 000 1000 600 1000 1000 600 070 1205 735
550 600 800 802 1400 1200 1200 1200 1200 200 1200 1200

540 510 510 536 596 40 770 600 550 550 550 550

550 540 240 550 600 00 500 500 520 520 540 540

486 08 450 700 50 500 300 300 400 400 400 400

B 761 06 526 672 8 542 528 528 538 564 591 517

9 675 550 437 1059 0! 1121 772 733 743 780 758 795
10 1109 1163 924 904 6 568 921 937 653 1004 1131 688
502 586 57 1792 1397 1138 1187 1189 1174 1148 1103 1137

451 501 41 570 537 468 720 509 472 498 494 526

537 458 18 588 541 417 421 430 489 535 477

4 464 495 44 312 433 237 293 7 347 398 385

15 697 549 581 73 564 AB5 561 480 481 510 494 801
11 606 620 424 1060 758 1153 736 783 750 695 713 778
17 1083 1143 873 965 830 484 900 928 589 1056 1058 656,
18 53 480 575 1723 278 10894 1055 1087, 1088 1175 1140 1175
19 47. 7 396 50 542 AZD 634 583 408 543 42 453
20 50 4 187 43 549 536 354 466 481 457 A3 503
21 48 469 ] 288 477 250 158 365 299 7 388
22 74 515 468 521 573 587 @‘ 56T 697 54! 505
23 64 545 820 a28 1167 668 625 700 667 51 722
24 1021 1020 BET 958 522 851 829 537 1035 1173 548
25 488 504 4 1891 1281 1008 1033 1132 1058 1076 1056 1104
26 445 485 4 4565 556 488 684 535 368 54 A4 374
27 538 446 86 520 4497 540 34 455 322 495 418 495
28 315 444 445 585 408 365 163 123 337 218 281 267
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F.1.3 Bandar Abas:

BandarAbas Refinery

M Apil M Jurn [ Juy ust | Saptomber | ctober November | Dmcamber |  lanuaty Febiusary
1 1866 2074 2191 _B5a 1047 053 1654 2169 413 1877 1973 1842
F: A58 1637 1030 1603 1592 478 759 728 955 2117 2137 1818
456 1670 1567 1324 1347 163 2176 575 1576 450 1820 1830
132 1383 1388 407 1318 390 367 348 413 488 401 463
154 931 1022 480 485 1017 1084 272 272 1738 136 330
1800 1600 1600 1600 1500 1500 177 1154 196 1850 200 154
650 600 550 882 1200 1631 600 2000 272 2000 1800 1800
1580 2040 2101 839 1003 | 1032 B34 2139 389 1863 1943 786
] 1367 1637 1019 1425 1506 1453 1721 645 856 2088 2085 781
[ 10 1418 1666 15566 1305 1321 2080 2082 528 1971 402 1737 782
11 1088 1367 1368 1335 1263 1365 1335 334 1374 432 1470 391
12 1084 903 925 487 410 964 1039 178 180 716 1084 1268
13 1734 1748 1765 1511 1416 1447 1103 108 0 788 1178 1071
[ 14 589 624 471 809 1173 1801 1662 1935 ié 1845 174 785
i 630 1955 2174 779 1048 918 1592 2071 1946 1928 708
16 311 534 943 1463 1572 ADB 1632 1618 893 081 2035 680
IEN2 1386 535 535 1185 131 2143 2151 1530 1861 325 754 760
18 1082 56 348 1363 1265 1339 1351 1255 1325 1450 364 364
18 1007 84 011 408 418 080 1016 1262 60 1598 069 289
(20 1778 1781 744 1579 1443 1423 1094 17 4 1710 1065 042

21 503 g7 521 &7 1139 1602 1592 930 F. 1938 1728 754__|
22 1524 1877 2172 782 a7 807 1458 2120 36 1837 1895 712
23 376 05 806 1432 1615 30 1674 1542 1830 933 2086 753
|24 266 624 1457 1238 1152 14 2004 1385 1818 293 1731 753
25 104 322 1377 1348 1308 24 1270 172 250 454 1374 269
[ 26 028 B76 870 371 A74 850 040 117 146 1621 10456 162
i 793 1782 1892 1533 1416 1426 1089 030 160 1762 117 112
[ 28 553 531 524 [ 1168 1580 1546 1947 261 1871 1706 783

.
F.1.4 Esfahan:
: Esfahan Refinery

March _April May Juti duly” Agust Septombaor | Octobor Movember | Docembar | January Fabrusry
3884 28 759 434 2305 2325 2758 576 2492 3720 3644 3396
3300 3300 300 300 2900 3000 2021 054 3086 3516 3496 3229
3972 3472 77 295 2943 A248 3518 475 3922 3300 3300 3300
4978 4617 b5 000 3019 3503 3285 264 3570 3686 4025 3773
4586 5083 500! 4724 4724 4908 3919 437 4441 4633 5064 5001
3600 3600 3600 3600 3700 3400 4071 394 4449 4449 4619 4586
4504 4330 3720 4399 3600 3640 4050 3900 4150 4100 4150 3680
B 3852 2856 2753 2339 2378 2264 2708.92 518 2406 3647 3628 45
|8 248 3227 3207 3224 2826 295 287514 045 2995 495 417 93
10 3969 3403 3709 254 2858 41 3496.52 399 3858 320 25 59
1 4976 4599 4555 2977 2982 5 3250.01 1203 50! 359 97. 682
12 4502 5065 4950 4679 4700 4885 3919.2 4355 442 455 501 4967
13| 3587 3588 547 512 3635 318 4045.4 860 437 4368 459 4506
| 14 4447 4326 721 AZ64 3512 as10 4006.5 3788 401 3970 407 623
15 3738 2804 707 2428 2259 2268 2737.8 2451 248 3702 354 305
| 16 3239 3169 3290 0. 2867 2986 2813.69 2973 303 3501 3350 3176
17 3907 3430 3661 0 2927 4151 3432.38 3473 83 3283 3284 3157
[ 18 4889 4532 4416 9 2005 3553 3276.01 153 342 3583 3915 3738
13 4577 5064 4922 4695 4591 4772 3852.72 4339 441 4613 4955 4949
20 3470 3583 3528 3501 3637 3330 4048.09 3820 432! 441 4518 4522
21 424 4323 3676 4360 3548 3515 3953.62 3859 4084 4047 AQTT 3605
22 36835 2851 2564 2382 2215 2143 2691.75 2483 2340 3580 3476 3227
3283 3204 3300 32 2880 2855 2778.12 3012 00 3327 492 3130
24 3970 3383 3674 3114 2822 4246 3506.28 3368 73 3261 3150 3408
[ 25 4931 4465 441 29 2027 3482 3129.4 2103 147’ 3610 3051 3742
26 4488 5008 4904 4645 4621 4757 3921.4 4339 4268 4452 5049 4913
i 3469 3516 351! 3444 606 3358 3980.2 3674 432 4369 4570 113
28 4415 A6 3082 4315 3456 3451 3688, 3825 4103 3939 4093 3637

ﬁ
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F.1.5 Tehran:

Tehran Refinery
March April May Jun July Aqust Septomber | _Oclober | November | Decembsr | January Fabruary
600 600 350 350 200 200 200 350 600 600 600 600
600 800 500 400 500 500 600 600 600 600 600 600
600 600 600 600 600 60D 550 550 400 500 500 600
[ 400 _500 550 550 250 250 450 500 500 500 500 400
500 A7t 471 350 50 535 450 500 500 400 400 400
750 780 170 750 00 700 500 550 580 580 570 500
680 538 500 450 540 500 700 700 900 800 900 750
657 508 339 6 54 160 166 310 507 537 587 549
] 507 538 493 10 467 494 593 550 589 556 526 542
10 508 536 577 575 564 528 458 481 361 474 427 5
11 336 466 471 531 212 173 373 471 459 430 433 2
12 479 426 404 269 26 465 451 465 422 34 377 39
L 13 73 695 770 704 719 656 475 48 508 524 504 487
[ 14 77 537 477 405 534 a3 668 66 899 82 823 666
16 67 522 340 340 _141 52 157 30 601 524 576 514
6 556 488 464 259 389 440 537 57 585 550 531 556
7 576 485 588 587 569 485 52 47 267 360 435 582
8 340 474 545 [TE] 104 211 41 378 434 48 403 278
19 388 380 420 223 264 396 41 403 395 274 304 357
20 643 707 65 53 662 587 498 409 446 55 485 382
21 615 486 43 348 398 A78 65 615 854 836 799 704
22 452 493 24 162 148 132 154 247 472 59 588 423
23 476 502 30 a7g 454 483 494 585 542 57 AB6 A48
[ 24 462 453 53 15 594 567 536 545 270 37 440 557
25 38 331 376 46 69 152 325 443 EEE] 31 302 351
26 38 352 369 41 236 493 320 343 302 263 228 254
27 545 716 7558 i 783 (] 383 403 518 427 548 40
28 658 464 418 297 389 a 542 570 730 841 860 652

F.2 Data collected for waiting times at Refineries
F.2.1 Abadan waiting time

ﬁ
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F.2.2 Arak waiting time

~Fofneres | [ | 3 i | e | =
bruwy | Mach [ Tede=i|: =
7 { Min Max Min Max Min Max Min Max Min Max Min Max
= 962 378 965 337 1354 274 1006 374 1079 366 1303
o 357 989 339 1029 3% 1373 262 7010 2% 1067 2% 317
204 1025 416 1065 374 1348 241 1036 377 1118 288 1267
T 365 976 359 ) 391 1356 289 1039 385 1057 313 1281
IES 974 430 999 32 1296 28 970 335 1071 386 1296
324 963 427 010 | 377 1344 203 1063 304 1107 387 1229
361 1036 351 9% 344 1266 251 1025 380 1068 386 1217
352 1002 421 %5 | 392 1317 232 1047 360 1077 321 1241
710 1061 350 7059 | 391 1372 249 1067 300 1132 32 7288
375 998 346 1039 387 1302 213 978 305 1142 3% 1219
324 1061 339 1065 | 322 1373 203 1067 2% 1142 289 1317
' v v o [ v B h i
i 192 690 190 810 204 989 211 739 144 724 146 925
244 731 199 855 153 967 307 759 200 755 148 867
173 725 66 853 202 910 216 787 71 766 210 501
257 646 231 850 181 931 300 782 186 780 121 902
| 182 560 232 909 221 978 251 748 26 751 140 979
i 215 717 265 863 225 937 241 754 165 724 185 959
T o0 | 243 549 254 878 247 7000 245 724 234 767 129 982
261 683 203 817 194 936 306 760 158 720 216 894
165 638 235 824 1% 919 293 692 720 661 208 %2
189 693 231 910 181 916 219 745 243 755 172 885
165 731 166 910 153 1000 211 787 744 781 121 982
~ MinMe 10€ IR S22 | v 203 ] 9 [ e 4720
F.2.3 Bandar Abas waiting time
E _ S =i e [T ) O T [T e 2] AT | A (] Tt o
_Bandar Abas _Jun g ehruar i Mar = Ay ] T | [T T §
[ In_ | Ma i  Min: | Max | Min | Max | CMax I Min | d
i @ | 349 1271 347 1206 291 1255 183 300 203 846 210 1205
= 204 1291 380 1286 369 1276 157 263 27 901 219 1140
I3 | 308 1240 366 1259 373 1193 140 222 185 801 292 1158
2001 424 1313 353 1287 355 1216 194 257 275 851 254 1116
B 327 1253 31 1230 381 1233 164 237 201 873 215 1154
e 1284 398 1244 295 1237 188 298 270 854 274 1172
T 1998 || 362 1267 406 1236 297 1228 155 265 277 374 294 1156
i 388 1332 382 1203 301 1261 223 212 195 836 238 1124
' | 361 1288 332 1287 374 1254 182 242 225 526 219 1114
| 360 1232 376 1290 306 1731 231 272 214 857 258 174
T M. | 327 1332 311 1290 291 1276 140 300 185 501 210 1205
| ‘Bandar, Al Lily L L A B L e e e | Odober |  MNovember | Decemb
i ar — Min | Mex | Min | Max | Min | Max | Min | Max O Min | Max | Min | Max |
147 954 190 770 215 811 224 501 158 544 239 951
153 947 183 794 240 760 242 532 199 626 267 1024
162 990 218 711 214 716 283 567 132 680 247 1035
|78 1012 165 786 235 771 278 436 164 651 245 989
| 164 990 178 707 173 747 229 520 121 600 306 1000
224 a1 205 741 150 792 212 568 163 5686 251 1004
i 188 914 234 753 204 769 263 544 202 601 206 949
179 950 219 752 163 733 256 560 78 672 256 972
125 993 142 79 225 732 231 473 161 500 225 956
134 916 204 739 206 781 244 473 137 592 301 993
125 1012 142 799 150 811 212 568 121 680 706 1035

ﬁ
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F.2.4 Esfahan waiting time

 PRefinerles | FET 1 iy ool e ] M s ey e (e | Lt ol || i | | RO R T
T =TT e | 1= e
Y | Min Max Min Max Min Max Min Max
200 351 296 370 932 245 949 227 917
0! 355 918 422 1022 295 1005 282 908
e ] 334 961 402 1005 243 934 296 921
DRRN2001 410 932 328 977 251 1011 206 919
: 417 962 425 954 294 970 245 994
ERsait | 37 918 330 1008 334 1011 224 905 250 924 308 1199
i 3 ] 356 1013 418 960 289 944 243 895 266 871 267 1239
E 7 386 o841 379 1019 343 926 296 964 305 902 290 1195
411 1000 356 1019 316 923 289 974 312 834 225 1288
370 918 390 968 335 1005 246 923 334 847 260 1204
~ Min/M 334 1013 328 1022 243 1011 206 994 250 924 222 1291
Ain ; ax | . | Min ax | LM __ Min Mai
187 696 257 &_lﬂ 211 594 191 806 232 897 240 597
208 701 224 765 185 597 147 885 191 918 213 571
233 662 227 826 175 579 218 877 197 865 248 601
190 641 174 821 130 645 176 852 196 879 182 609
4 i 179 645 252 7_3_?_ 153 631 191 842 211 9_51_ 150 841
1 A 195 708 161 773 160 551 223 864 219 948 203 604
X 180 690 187 776 191 600 142 852 253 904 169 594
e 201 632 170 818 156 640 152 837 217 924 214 638
== | 141 628 219 760 186 648 169 866 282 870 211 658
= QOB 194 666 189 815 173 555 141 805 237 910 172 585
iz 141 708 161 826 130 648 141 885 191 957 150 658

F.2.5 Tehran waiting time

= | Min | Max
li Nl 182
| 179
| 157

217
0 | 1682
I8 150
! 213
| 191 810 192 968 202 536 234 978 211 1079 256 650
| 222 775 217 970 235 459 272 949 199 1092 233 618
L 233 861 197 1028 190 523 275 925 196 1155 223 632
M X 150 868 172 1045 138 540 234 1006 124 1178 159 697

ﬂ
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F.3 Data collected for loading times at Refineries

120 73 207 133 210
164 180 210 120 212
205 186 210 124 216
208 190 300 119 246
210 169 208 118 210
266 162 211 120 212
213 185 146 125 205
215 180 212 7 206
214 178 21 125 208_|
209 180 252 120 138
212 _ 179 208 123 210
126 76 212 142 21
N 94 205 118 211
210 180 215 17 214

213 18 25 s | 207
212 161 210 _ 120 210
213 198 207 74 212
213 180 210 151 213
209 175 209 120 206

210 8z 27 135 210
212 81 205 60 210
23 191 21 120 209
210 181 210 &0 210
205 180 210 19 211_|
210 1% a7 123 2090
213 185 209 120 210 |
208 73 a7 7 209
215 186 21 154 210_|
209 179 210 139 210
214 180 211 125 210
210 B4 131 139 208
206 183 251 125 210_|
207 177 206 124 208
128 178 206 118 208
215 76 213 120 208
21 186 212 93 206
208 151 205 % 215
207 164 211 120 238
206 180 212 124 208
210 27 210 116 14
211 281 208 123 208
211 80 120 211
260 183 213 122 206
210 178 205 79 212
21 180 208 120 1% |
208 195 215 1 205
207 178 211 88 207
244 180 132 115 214

ﬁ
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F.4 Data collected for Time between Failures for Refineries

TBF (minutes)
g 1 2 3 4 5

felineries Abadan Arak Bandar Abbas Isfahab Tehran
1 49800 28200 16200 17280 18000
2 27480 10680 39000 20040 14400
3 47400 6600 38820 54000 25200
4 9120 13200 18180 13860 27180

5 9180 17940 30660 51600 8820
6 29400 21900 58200 14700 31860
7 6600 10800 27000 23400 22800
8 27000 46200 8880 13800 50400
9 22800 12660 49800 8400 10800
10 10200 39600 8040 11400 11760
11 54000 10500 42600 58800 27480
12 16380 6480 50400 10740 11400
13 17820 9240 8580 9780 41400
14 8340 13020 22200 7500 19800

15 12780 40800 7920 9480 9540
16 22200 55800 17160 13560 43200
17 13680 6840 12840 9480 14520
18 7260 7920 45000 30000 16800

19 9240 14400 7200 23160 9720
20 47400 12000 49800 20700 11820
21 22440 28800 7560 39000 22500
22 14520 50400 42600 9600 33000

F.5 Data collected for Time to Repair for Refineries

TTR {(minutes)
: 7 2 3 3 5

Refineries | = | Arak | Bandar Abbas | lsfahab | Tehran
7 0.0 180.0 30.0 50.0 768.0
2 90.0 138.0 60.0 1020 | 120.0
3 1380 | 60.0 162.0 900 120.0
4 192.0 | 60.0 312.0 1080 | 240.0
66.0 | 324.0 72.0 3240 | 264.0

840 | 240.0 126.0 108.0 60.0

7 66.0 | 216.0 30.0 1620 | 228.0

8 198.0 | 3420 78.0 168.0 30.0
) 1260 | 318.0 50.0 1920 | 108.0

10 2100 | 84.0 52.0 126.0 21.0

11 30.0 114.0 108.0 192.0 24.0

12 2700 | 216.0 168.0 3540 | 36.0
13 504.0 | 306.0 138.0 3240 | 132.0

14 138.0 | 432.0 72.0 246.0 | 66.0
3 2100 | 132.0 264.0 3120 | 318.0
5 36.0 186.0 96.0 4500 | 144.0
7 2280 | 2280 108.0 3120 | 192.0

18 1200 | 264.0 9.0 96.0 57.0
19 220 | 360.0 180.0 1140 | 240.0
20 3840 | 150.0 156.0 3900 | 264.0

21 276.0 | 3300 216.0 1800 | 84.0
22 2880 | 1980 120.0 3840 | 132.0

ﬂ
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St P 4 e i e

F.6 Data collected for LPG Unloading time for Bps

134 136 84 700 128 148

: % 170 [ 637 126 o7
i DT s (sl i e e Ty 1 & | & |
TAversg| D] AR — ot | — 119 | 921
TG A | 120 |1 48] | 157 |

[EUETTEN NS AT [T v

F.7 Data collected for bottling plants daily demands
The following data were only gathered for daily demand for Bottling plants during the

month of March.

ﬁ
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Dats Hara] Babol 1T Mashhad Qom.
| Mar-02 | Inventory | Enlerance Exit Invento Enferance Exit Inventory | Enterance Exit Inventory | Enlarance Exil
1 1] (1] 41 0 [i] g (1] 0 0 0 0 1]
7 1 113 il 1 20 7 55 19 4 12 20 27
71 55 60 0 20 4 70 0 1 5 20 4
4 49 56 a 122 20 6 59 0 L] 0 20 []
0 [ 70 0_ ] [i] 0 0 ] 0 ] 0
25 58 7 28 39 17 50 0 0 39 17
31 75 49 15 18 17 39 0 17 19 17
] 28 56 47 40 20 19 29 0 19 20 19
] 36 154 B84 0 1] 1] o 0 0 0 0 o
10 44 56 B4 161 18 21 18 18 1 20 18 21
A1 6 95 76 137 20 20 25 [i 10 7 20 20
12 a7 132 [ 138 58 22 15 19 10 6 58 22
13 0 0 57 0 o 0 i 0 0 0 0
14 204 55 67 120 18 17 23 19 13 53 18 17
15 202 18 52 138 20 20 29 19 12 55 20 20
16 54 fii 20 0 0 0_ 0 0 0 0 0
17 80 56 82 117 19 19 6 0 12 55 19 19
18 44 38 74 129 19 20 24 (] 12 55 19 20
18 100 57 65 _ 03 0 17 2 18 ] 55 0 7
20 3 37 58 105 18 16 22 18 3 38 18 6
21 54 L &7 87 0 13 28 0 0 41 0 3
22 0 © 32 54 37 14 18 18 12 28 37 4
23 78 73 52 Q 0 0 0 o 1] 0 [1]
24 120 118 i 28 0 20 24 52 0 20
25 180 95 i7 38 18 128 18 30 38 i8
25 98 50 68 18 17 20 0 51 19 17
27 78 5 61 0 14 9 18 9 53 0 14
28 66 5| 75 42 18 15 18 18 10 39 19 15
29 160 1 25 a7 19 14 27 76 11 44 9 14
a0 136 114 90 0 1] 0 0 0 0 0 0 ]
31 192 37 0 135 20 16 83 38 0 [E] 20 16
Dale i ‘Babol Mashhad Qom
| Mar-03 | Invento Enterance Exit Inventory | Eniafance Exit Inventory | Entorance Exit Invento: Entorance Exil
1] 134 27 0 39 23 [i] 1 0 0
F 0 186 52 il 0 0 104 13 38 22
E 107 96 46 87 0 18 9 6 57 27
15 7 65 a7 20 33 3 6 15 9 21
125 7 60 70 56 35 5 0 6 46 9 22
136 7! 70 57 39 40 4 19 5 44 ) 7
1653 7 [} 18 0 ['] 63 0 15 A0 0 0
] 158 3 80 ] 38 ar 0 19 7 [i] 29
3 235 5 83 78 20 35 71 18 9 43 20
[ 10 162 T3 80 76 20 73 B0 0 9 33 21
1 167 3 T 58 il [i] 86 18 5 32 20
12 60 56 0 43 [i] 40 73 0 19 30 0 0
13 18 75 80 0 54 0 0 0 5 57 22
14 78 38 31 [ 1] 28 76 0 20 28 g []
15 i) 75 83 a 20 42 0 0 16 1] 31
16 L] 92 93 100 0 38 62 19 16 63 29
17 71 36 80 90 55 76 a8 0 1 52_ 21
18 170 93 61 48 20 28 55 0 1 42 9 18
18 129 74 74 68 a 23 a4 18 1 ] 9 19
20 160 111 70 61 96 i 31 18 5 ai 0 18
21 161 198 40 38 [1] 34 39 a 17 40 9 1]
22 202 132 100 [1] 38 35 o Q 17 1] 19
23 182 57 72 o8 56 29 47 18 18 42 18
24 215 95 60 12 0 32 35 0 15 4 9 18
25 200 113 70 33 20 33 42 38 15 42 9 17
26 235 75 78 04 56 34 28 0 15 43 9 15
27 279 56 6 o2 20 ] 57 56 5 A5 0 18
28 276 76 35 1156 40 a7 0 17 49 19 o
20 257 a3 75 0 40 0 0 19 0 19 22
36 297 34 120 100 55 [1] a3 19 5 49 0 30
31 316 0 0 61 0 0 B2 0 0 a6 0

W——-—_
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Date FHar Babol had Gom
Inventory | Enterance Exit Inven Enlerance Exit Invento Enlérance Exit Invantof Enleranca Exit
0 0 ] 0 0 0 0 0 0 D
107 18 38 71 a7 25 104 i) 1B B
75 19 63 87 [} V] 99 0 [i] 8
25 40 63 87 38 27 93 18 25 15 37 7
38 57 75 70 1] 22 B85 55 1 46 0 T
53 38 50 57 53 3 74 36 48 44 18 7
58 116 0 78 0 0 63 0 0 40 37 4
-] 35 58 66 0 0 31 0 7 49 0 19 8
7] 92 76 78 78 0 El 71 8 12 4 18 7
10 67 ar 59 76 95 48 0 3 AQ [1] 7
1" 60 [ 20 58 0 22 6 0 12 10 6
2 19 67 102 43 0 25 3 37 32 30 18 7
13 76 39 0 0 [ R | N 0 0 0 0 0
] 71 or 35 86 0 0 76 0 20 39 15
5 79 a7 BY 0 18 32 0 37 51 0 0 19
16 71 39 104 100 56 33 62_ 0 15 63 18 2
17 70 77 67 90 1] 45 48 D 52 38 1
18 29 96 67_ 48 9 25 || 58 55 4 4z 8 1
10 60 58 01 i) ] 23 44 38 4 40 19 20
20 B1 77 a7 61 57 26 a1 57 3 Al 20 17
21 202 a0 © 36 0 0 39 [ 0 a0 0 13
22 182 58 [: 1] 76 35 0 1] 14 0 36 20
23 215 39 0 0 0 47 57 4 " 42 0 0
24 200 58 B 20 a6 a5 12 41 18
235 39 104 3z 42 38 3 42 18
25 27 58 95 0 33 il 18 ] C
2T 271 112 80 92 27 57 56 4 4 19
25 fid 40 115 18 FI 47 0 6] 4 18
29 297 113 47 0 91 3 1] 38 36 0 0
30 316 133 136 100 38 37 93 56 35 49 18
31 19 0 61 19 30 BZ 0 17 416 19
Do asran = Yoo m = I3
ar02 | inveniory | Emornco | Ewt || inventory | Enterarce | Ext L[ invantory | Snietance Tl || Inventory | Enterance | £t witory | Eniera
[ 0 [ [} 0 0 0 0 [ 40 o o 0
1) 16 70 ) 20 24 ] 19 106 Ed T 0 [
7 a7 22 24 27 48 0 3 £ B9 19 56
3 18 Fil 1] 26 [ a 3 3 B B0 [
0 [ 0 [ [ [ [ [ o [
FI] 18 20 48 70 38 18 78 [RE] [ 7] ]
2] 18 22 38 Fil 76 ] 18 110 ] 85 40 [
] 19 18 198 28 ] 36 16 36 BL 7 B8 3 A
] 0 [ 1] 0 0 [ 18 ] 2 56 53 0 [
10 18 18 16 36 18 a7 36 [ 7 78 100 [ 18
11 18 a7 24 Fil FE) [id [ 0 5 78 B il 36
12 3 18 76 17 F 76 1] 18 a1 05 [H) 108 0
13 0 1] [ 0 F?] 0 i [ 0 [ o [ 0
14 25 [ 22 26 [ 17 [ 18 s 117 85 [Tl 56
13 3 57 1 17 o 24 18 38 75 78 o7 116 [id
3 0 0 0 [ 38 o 18 0_ &7 30 58 [ i
=T 46 ] 26 20 26 3 [ 10 38 78 [ 123 0
18 22 38 76 3t i Il 36 24 1 [ 126 0
e 34 0 35 Fil 18 0 17 az 75 [H] 107 0
20 8 37 19 20 20 20 18 36 58 =] 104 — 18
21 25 18 20 20 18 10 [ 40 a7 3 107 16
22 ] 18 18 0 18 18 38 fil 0 50 100 [
23 ) 0 0 [ ] 0 18 0 70 39 40 0 0
F 76 18 ] 18 B ] o 8 [ 76 [ 1l 0
25 26 18 18 7 ] a7 18 19 82 78 70 66 18
26 26 10 18 V7 18 T ) 37 if ] 50, T 8
— 21 6 18 18 T4 17 10 18 BT 9 87 ) 18
] 76 7 7 16 7 [ [ 2] [ 62 T 18
|~ il 7 i7 B il 18 16 57 [ 76 B0 10
30 0 0 0 0 i D 0 [ ] 36 [ [0
=31 AT 8 18 ] T § 8 31 77 [ B8 0
L e c—
Cole Hashan N alahnn Harman
[ Mard3 | inwentory | Enlerancs Exii Inventory | Enterance Ext Invent Entsrance Ext invantory | Entetance Exit Invan Eniamncs
[ [ [ [ B [ 0 [ ] ] [
Fii 10 20 [ 63 40 52 [ &0 143 18
76 38 0 [ 50 B8 £ 3 il 18
a5 [ 22 7z 72 87 A1 30 30 £ [
22 Fi] 7] [E]) (5 76 18 18 18 a1 112 [l 5 [
38 18 21 56 55 [E [ [ i [7] il [l 17 i8
; 36 19 1l [ 85 78 18 18 18 73 5 il 22 18
] 0 0 [ o ] 0 0 o 0 [F] i 75 0 [
] E] (] FE) 5 95 B9 18 18 8 70 115 100 29 17
b 10 A7 7z 104 04 BL 18 18 18 85 78 &7 3 54
=1 28 19 73 [ T;'IE (5 36 38 38 76 [EE] 104 2
12 72 38 2z (1] BE () [ [ 0 B85 [3 i) 40
== 0 ] 0 [1] 0 1] [0 0 [ [ 0
14 ] 37 24 [ [ 65 10 18 B 106 [ES 132 3
16 ] [ 0 0 [ 1] L 110 10 37
16 ] 73 87 23 18 18 16 [H 8 6 16 — 16
17 20 10 3] & a5 18 1B 1B [ 114 102 Il 8|
18 i) 5 2 87 3 [ [ i 95 i 5 FE] 55
e 57 10 20 78 75 35 35 3 [ il o7 45 0
[~ %0 0 8 3 ) 17 17 17 105 75 a1 76 [
1 T 38 20 o 2] 18 18 18 [0 [ 73 ] (7]
22 1] [ [1] 0 1] 0 [ [ [FF] 56 57 0 0
FER ) [ 20 o7 [ 18 18 18 21 i [ [i7] 3
2% 1] ia 20 BL B4 18 18 18 1o &7 78 =
3 E) 18 19 [ [ o 0 0 114 5T Ta 59
26 ) 18 [ ES [ 7 18 3 18 100 56 Ta 50
Fi2 33 10 1B 3 [ 18 18 18 BT R 73 42
28 ) [] 18 0 a1 1] 18 18 i8 BE 6 73 76
20 0 0 0 1] [l [ 0 0 66 i 35 [
30 3 15 18 102 102 iz 8 18 18 97 [ 122 0
31 35 0 F % 2] [} [ [ [ 85 ) ] 5
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ato Kaahan — Yaad — ﬁmnm Esinnan Remman
Martd | Invent Entersncs Exil Inventory | Entorans Exit. Inventory | Entarancs Exi Invishtory Exit Imvenlo E nigninog
o | o 0 [ e e = o m'.-"gm (] i [
pii [T 20 7] 0 0 5] %6 & 148 0
26 0 18 [27) [] [1] (L] a0 86 27 19
45 19 18 I_i' 18 19 41 a9 30 38 [1]
22 17 20 63 18 ar 37 41 112 °1] 33 18
35 36 20 55 16 [ [ (%] 77 &7 7 16
38 a -] BS [1] 18 0 T3 BT 81 32 1]
[1] 18 20 [1] [] -] Q_ kil 75 [1] 18
34 198 18 95 [1] 18 19 18 0 115 00 20 18
10 10 an 18 104 18 4 18 [1] ] B85 T8 BT, 31 1)
1 6 1] 18 96 19 10 36 18 19 3 113 104 T2 []
12 22 19 18 BT [1] 3& a6 [ 95 T4 Al 19
15 [] [ [1] 1] [1] [1] 1] [] [ [{]
14 £ i 12 [ 19 708 138 7] 52 0
16 [1] 18 20 ] [1 110 19 3T o 19
16 [£] 18 20 [1d 18 18 18 22 78 [T 16 [1]
17 26 a8 20 3 ] 18 19 [E] 114 102 21 19
1§ 23 Q 20 B7 159 [] ‘9_ [] Q5 T8 T5 23 10
18! &7 L 20 78 o a5 18 18 B TT &7 45 19
20 [] 20 Fi] [ '!E 17T 36 36 1085 75 1] 28 189
g‘ ar 0 [] [7] "] 18 ] [] [T] a1 67 13 []
? 1] § 0 1] ] ¥ ar ar 122 56 57 __11 19
. T ] [1] 2 a 18 /] [1] 121 T [} 92 [i]
FLl 34 37 20 B4 19 10 16 18 18 134 57 T8 [¥] 16
25 33 1] 1B 95 1] 1] 114 &7 70 50 38
26 53 20 65 18 [ 100 55 70 50 10
27 33 £ 20 28 19 5 38 B 58 il 42 19
28" 34 T [] [ ] 85 78 73 28 [1]
7 ] a7 20 [ 16 0 37 7 [ 57 &3 0 0
E 34 0 21 102 18 18 0 a2 a4 122 18 19
t1 35 18 0 a5 o [1] 0 85 gL 6-? 1 18
F.8 Data collected for customers’ arrival pattern in Bottling
plants
Babol Kashan
Shift Periods Records Model % Shift Periods | Records Model %
7 100
390+270 196 25.05 200
L 390+270 e 32.05
560+30 173 12.38 20
170 660+30 200 11.87
Eo0ga0 80 = £90+240 105 6.23
42 230
20 47
930+90 e 37.51 930+90 = 28.49
196 101
1020+120 100 716 100
a0
1020+120 38 2136
62
70
Mashhad Qom
Shift Periods Records Model % Shift Periods | Records Model %
70 260
L 390+270 = 30.18
73 660+30 180 12,52
100 80
390+270 12 31.67 690+240 2L 17.11
32 110
22 930+90 o 28.51
% 1020+120 gg 11.68
660+30 11.18
170
110 Yazd
ey 90 9.32 Shift Periods | Records Model %
17026 3904270 12505 30.33
930+90 688 43.60 660+30 70 12.13
70 690+240 140 24.26
21 930+90 122 21.14
R 70 24 1020+120 70 12.13

F.9 Historical Data on LPG Filling Machines in Bottling Plants

The following summarises data collected to establish distributions for Mean Time To
Failure and Mean Time To Repair for LPG filling machines across the bottling plants.

ﬁ—__——_
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9096 44

9684 52

11928 49

11964 22

8580 51

11280 19

9372 36

6444 39

9468 13

7344 36

7704 20

5604 23

1 8544 28

2 52 6528 34

3 S3 10212 38

4 S4 8556 27

b S5 10800 32

6 S6 8448 43

7 57 B796 33

8 S8 10740 51

9 S9 11256 29

10 S10 9204 37

11 S11 8028 47

12 S$12 8652 19

13 S13 9900 25
14 S14 10140 15

15 S15 6672 55

16 S16 8124 67

17 S17 11976 25
1 518 10572 19
19 819 7236 32
20 520 9552 24
21 S21 8508 47
22 522 8792 23
23 523 6492 15
24 524 11052 29
S1 5028 38
S2 10668 33

S3 BBBO 51
i S4 9660 42
[ S5 6288 19
S6 5736 26
S7 11472 60

S8 10200 21
S9 10068 42
S10 8604 23
S11 6396 10
S12 5664 19
813 7956 13
. S14 5840 23
i~ | 815 6408 23
516 9024 36
= S17 5952 32
S18 11292 28
S19 9504 26
T S20 5540 17
1 1 | 521 5048 45
S22 2828 41
S23 10632 28
24 S24 11688 24

ﬁ
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F.9.4 Kashan Bottling Plants:

F.9.5

F.9.6

F.9.7

F.9.8

Kashan | FIIn8
1 81 8700 16
2 s2 8928 37
3 S3 8028 35
4 sS4 8292 16
5 S5 10656 35
6 S6 8304 26
7 57 11088 24
8 S8 10882 16

Kerman Bottling Plants:
1 S1 8088 24
2 S§2 7452 21
3 S3 9504 31
4 S4 10980 15
5 S5 7380 15
6 S6 11400 18
7 S§7 5964 14
8 S8 11844 17

Mashhad Bottling Plants:
1 S1 9732 11
2 S§2 7044 12
3 S3 7836 25
4 S4 10116 18
5 S5 9444 25
6 S6 11868 39
7 S7 6300 32
8 S8 8976 35

Qom Bottling Plants:

2 S2 11292 19
3 S3 5544 21
4 S4 8892 31
5 S5 8424 20
6 S6 8568 14
7 S7 11328 19
8 S8 10272 15

Yazd Bottling Plants:

P L L

Appendix F-13



Appendix F: Data for Simulation Model Developments

F.10 Data collected for Cylinder Inspection Area

Babol Esfahan
Data Record Rejects Accept Data Record Rejects Accept
1 3454 173 3281 10272 462 9810
2 1818 91 1727 2 3454 155 3299
3 3727 187 3540 3 3454 155 3299
4 2545 128 2417 4 5090 229 4861
b 2181 110 2071 5 5272 237 5035
6 3363 169 3194 6 6272 282 5990
7 3272 164 3108 7 3545 159 3386
B 3090 155 2935 8 5363 241 5122
2] 2636 132 2504 -9 6909 310 6599
10 3090 155 2935 10 8818 396 8422
k] 2454 123 2331 11 5272 237 5035
12 2090 105 1885 12 8727 392 8335
13 3000 150 2850 13 10363 466 9897
14 2454 123 2331 14 7000 315 6685
15 3181 160 3021 18! 7000 315 6685
16 2727 137 2590 16 3454 155 3289
17 3000 150 2850 17 5272 237 5035
18 2909 146 2763 18 5272 237 5035
19 2909 146 2763 19 7000 315 6685
20 2090 105 1985 20 6908 310 6599
21 2181 110 2071 21 7000 315 6685
22 3909 196 3713 22 10545 474 10071
23 2727 137 2590 23 8818 396 8422
24 3545 178 3367 24 6909 310 6599
25 3272 164 3108 25 5454 245 5209
26 2818 141 2677 26 8818 396 8422
27 3272 164 3108 27 10454 470 9984
28 1818 91 1727 28 4636 208 4428
29 4090 205 3885 29 6363 286 6077
2727 137 2590 30 3363 151 3212
Total 86349 4332 82017 Total 197078 B8868.51 188222
Average % 5.02 94.98 Average % 4.49 95.51
Karaj Kashan
Data Record Rejects Accept Data Record Rejects Accept
1 7272 360 6912 1509 95 1814
2 4636 231 4405 : 1181 59 1122
3 6363 317 6046 5 1909 95 1814
4 3383 168 3195 4 909 45 864
5 5272 260 5012 5 1454 72 1382
6 6272 313 5959 6 1727 86 1641
7 5363 265 5098 7 1636 81 1555
8 5545 278 5267 8 1636 81 1555
9 8818 440 8378 g 1727 86 1641
10 7545 375 7170 10 1818 90 1728
11 7454 370 7084 11 1818 90 1728
12 7545 376 7169 12 818 40 778
13 7636 381 7255 13 2000 100 1900
14 6545 320 6225 14 1454 72 1382
15 9545 400 9145 15 1818 90 1728
16 7272 363 6909 16 1727 86 1641
17 10909 545 10364 17 636 31 605
18 5454 272 5182 18 1727 86 1641
19 6272 313 5959 19 1818 90 1728
20 4272 213 4059 20 1727 86 1641
21 8636 431 8205 21 818 40 778
22 7545 377 7168 22 727 36 691
23 6909 345 6564 23 1909 95 1814
24 10000 483 9517 24 1363 68 1295
25 6545 320 6225 25 1818 90 1728
286 8545 400 8145 26 1090 54 1036
27 7818 386 7432 Z7 1000 50 950
28 5454 264 5190 28 727 36 691
29 7818 378 7440 29 1727 86 1641
30 7000 3';4 6676 ! 1727 86 1641
Total 209623 10268 199355 Total 44355 221775 42153
Average % 4,90 95,10 Average % 4.96 95.04

e
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Kerman Mashhad
Data Record Rejects Accept Data Record Rejects Accept
1 1727 86 1641 2727 135 2592
2 2181 109 2072 2 1818 90 1728
< 2181 108 2072 3 3727 185 3542
4 909 45 864 4 1818 90 1728
5 1454 72 1382 9 5000 249 4751
B 2000 100 1800 (s 3181 158 3023
7 1454 72 1382 7 1636 81 1555
8 1727 86 1641 8 5000 249 4751
8 1545 77 1468 9 1727 86 1641
10 1727 86 1641 10 3181 158 3023
1 1545 77 1468 11 5272 262 5010
1 2181 109 2072 z 3272 162 3110
1 1000 50 950 12 3000 149 2851
14 1363 68 1295 14 5000 249 4751
15 1272 63 1209 15 5272 262 5010
16 909 45 864 16 1636 81 1555
17 1000 50 950 17 1636 81 1555
18 1181 59 1122 18 5090 253 4837
18 1000 50 950 19 3454 172 3282
20 1545 77 1468 20 5090 253 4837
Pl 1636 81 1555 21 1818 90 1728
22 1181 59 1122 2/ 5090 253 4837
3 1000 50 950 23 5272 262 5010
4 1454 72 1382 24 3545 176 3369
25 1090 54 1038 25 3272 162 3110
26 1363 68 1295 26 1636 81 1555
27 1727 86 1641 27 2636 131 2505
28 2181 109 2072 28 2545 126 2419
29 1454 72 1382 29 3454 172 3282
30 1454 72 1382 30| 2000 | 99 1901
Total 44441 2222.05 42228 Total 99805 4957 04848
Average % 4.98 95.02 Average % 4.97 95.03
Qom Yazd
Data Record Rejects Accept Data Record Rejects Accept
1 2363 118 2245 1 818 40 778
2 1363 68 1295 2 545 27 518
3 1363 68 1295 3 636 31 605
4 545 27 518 4 636 31 605
5 1363 68 1295 5 636 31 605
5 1454 72 1382 5] 545 27 518
7 1363 68 1295 T 636 31 605
8 1272 63 1209 8 636 31 605
) 1545 77 1468 8 545 27 518
10 1727 86 1641 10 545 27 518
11 1636 81 1555 11 636 31 605
12 1636 81 1565 2 545 27 518
13 1545 77 1468 13 636 31 605
14 1727 86 1641 14 636 N 605
15 1545 77 1468 15 636 31 605
16 1818 90 1728 16 545 27 518
17 636 31 605 17 636 31 605
18! 1000 50 950 18 545 27 518
18 1909 95 1814 19 636 31 605
20 1545 77 1468 20 636 31 605
21 1454 72 1382 21 636 31 605
22 1545 77 1468 22 636 31 605
28 1636 81 15565 8 727 36 691
24 545 27 518 24 636 31 605
25 1454 72 1382 25 636 31 605
26 1272 63 1209 26 636 31 605
27 1545 77 1468 27 636 31 605
28 1363 68 1295 28 727 36 691
28 1181 59 1122 29 636 31 605
30 1363 58 1295 30 727 36 691
Total 42713 2124 40589 Tolal 18898 944.9 17972
Average % 4.97 95.03 Average % 4.90 95.10
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F.11 Data collected for the cylinder maintenance duration in
different Bottling plants

Record Rework time per cylinder (Min)
Karaj Babol Mashhad Qom Kashan Yazd Kerman Esfahan |

1 3.60 4.94 3.00 3.93 3.17 4.00 2.15 5.78
2. 1.68 2.60 2.00 2.27 3.93 2.70 2.73 1.94
3 2.31 5.34 2.00 2.27 3.17 3.10 2.73 1.94
4 3.17 3.66 4,11 2.70 4.50 3.10 2.25 2.86
9 2.60 3.14 5.53 2.27 2.40 3.10 3.60 2.96
6 3.13 4.83 3.51 2.40 2.87 2.70 5.00 3.53
T 2.65 4.69 1.80 2.27 2.70 3.10 3.60 1.99
8 2,78 4.43 5.53 2.10 2.70 2.70 4.30 3.01
9 4.40 3.77 1.91 2.57 2.87 2.70 3.85 3.88
10 3.81 4.43 3.51 2.87 3.00 3.10 4.30 4.95
11 3.76 3.51 3.60 2.70 3.00 3.10 3.85 2.96
12 3.75 3.00 5.82 2.70 2.67 2.70 5.45 4.90
13 3.70 4.29 3.31 2.57 3.33 3.10 2.50 5.83
14 3.20 4.57 5.53 2.87 2.40 3.10 3.40 3.94
15 4.00 4.29 5.82 2.57 3.00 3.10 3.15 3.94
16 3.63 3.91 1.80 3.00 2.87 2.70 2.25 1.94
17 5.45 3.51 1.80 2.07 5.73 3.10 2.50 2.96
18 2.72 4.17 5.62 3.33 3.00 2.70 2.95 2.96
19 3.13 4.17 3.82 3.17 2.87 3.10 2.50 3.94
20 2.13 3.00 5.62 2.57 2.67 3.10 3.85 3.88
21 4.31 3.14 2.00 2.40 2.07 3.10 4.05 3.94
22 3.77 5.60 5.62 2.57 2.40 3.10 2.95 5.93
23 3.45 3.91 5.82 2.70 3.17 3.60 2.50 4.95
24 4.83 5.09 3.91 2.70 6.80 3.10 3.60 3.88
25 3.20 4.69 3.60 2.40 3.00 3.10 2.70 1.89
26 4.00 5.86 1.80 2.10 3.60 3.10 3.40 2.60
27 3.86 4.69 2.91 2.57 3.33 3.10 4.30 3.06
28 2.64 4.03 2.80 2.27 2.40 3.60 5.45 3.58
29 3.78 2.60 3.82 2.95 4.30 3.10 3.60 4.95
30 3.24 3.91 2.20 2.27 2.87 3.60 3.60 5.88
|Average 342 4.13 3.67 2.60 3.23 3.09 3.44 3.69

ﬁ
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F.12 Speed Parameters For Unloaded Trucks

Avgrage 10 reach Tination / DISBnce)
i

Resull
Route ERH o I® Rowom 2] Recom 3 Rocord 7] R Recom @ T B YT
Abitan Habol 108 55 [] 84 a0 892 (] 93 B0 a4.11 108
Tsfohan | 68 103 99 a5 160 98 [ 58 % | o711 03|
Abadan Kol | 00 103 8 80 113 91 118 % 03 0 Ba.51 8
4 Abadan Kashan o6 56 93 a8 101 102 [ 115 98 3 100.04 15
Abadan Kerman a8 a5 92 a3 106 &6 o8 ar 101 2 87.80 106
Abadon | Mastiad | 107 i1z 52 % | 8 a1 o7 95 T 103 86 | 6731 7
Abadan Com 112 106 114 108 108 103 108 a8 108 101 23 106.65 14
Abadan Yazd 6 a5 108 108 103 103 106 82 104 113 22 10260 | 1 13
Bandar Abbas Habol 103 20 a8 a3 117 98 110 06 12 100 [T 100.60 T
Bandar Abbas | Isfahan 110 80 109 g5 95 104 104 102 o8 896 [1] 100.39
Bandar Abbas Sl a2 a3 102 114 102 &0 99 114 ag 105 B0 100.86 4
Bandar Abbas | Kashan 111 B2 92 103 85 [ 85 98 105 111 82 87.80
Bandar Abbas | Kerman [ 110 90 [x] 1S 93 13 a8 a1 B0 BO 02892 10
Bandar Abbas | Mashhad 93 103 a7 100 03 2] ] 107 1] 96 ar a7.24 107
15 Bandar Abbas Qom 81 104 98 103 9 92 104 [T 101 [:] 81 96.88 104
16 Barar Abbas Yizd a2 (1] 104 98 111 100 [2] 103 96 108 B4 0850 m
17 Arak Babol |84 88 B8 104 84 [ [ 06 |86 83 85| 8946 | 109
18 Arak Istahan B2 77 a8 86 88 9 BT 86 100 o 77 91.38 100
9 Arak Kara| | 95 83 [T B4 88 (] 110 80 85 B B0 80,71 110
] Arak Kashan | BE 96 72 100 a7 Ba B8 B8 81 i) 72 8743 100
1 Arak Kerman 93 88 B8 [F] 102 8 g2 BB 103 B4 84 93,34 103
22 Arak Mashhid 110 88 110 101 103 99 a8 98 96 a8 I3} 99,59 110
23 Arak Gom a2 ) B0 105 80 B85 78 B9 83 (1] 75 B9.71 108
24 Arak Yard 100 98 95 95 <] BT az [1] 88 1] a7 892.38 100
25 Isfahan Babol 108 B4 78 108 a0 a2 98 B2 a3 76 92.02 108
26 Isfahan Islahan 90 84 26 BE a0 92 105 90 BB 85 84 90.64 108
7 | Ttean | Kew | 8 5 s | 105 | g | toe | 100 | o 5 o8 | %2 | vass | o6
28 istahan | Kashan | 85 77 ) B4 B8 % %0 105 B4 86 77 | 6795 | 105
29 Isfahin Katman [ BE 94 ] o0 [ B4 110 85 14 B4 S0.83 110
30 Istahian Mashhad 105 100 88 94 85 o4 492 104 85 95 92 a7.31 105
31 Islahan Com 108 o 100 89 89 83 92 83 B8 60 88 8413 108
32 Isfanan Yaid B0 111 83 86 83 96 80 88 85 B3 80 BEAZ 11
33 Tah Babol 83 B 95 100 78 66 &7 80 78 T4 74 B4.56 100
34 ahian Isfahan ] 104 80 98 93 108 110 108 103 102 90 10408 110
35 ahran Kaa| | 95 [:7] 8O A4 a0 i} BE 102 94 B3 Th B89.74 102
3% nian | Rashan | 87 03 86 BE 7 70 56 88 %0 B8 70| 6706 | 103
3r ahran Kerman 88 9 83 i 116 106 90 88 95 (i1 (L] 9410 116
38 Tehran Mashhad a4 92 106 o8 103 109 [ 94 98 13 e 100,22 113
39 shran Qom B4 B2 87 102 88 81 BE [in] 85 a3 B1 87.50 102
40 Tehran Yaxd 25 0_5 83 &7 E!I_ 100 a7 88 91 88 87 g2.02 100
F.13 Speed Parameters for Loaded trucks
o Erom To Averagn Speed (lme taken 1o reach he desination / Lis1ance) I Result .
Rmorg 1] Record 2| Record 3] Record 4] Record & | Record 0 | Recont 7| Record 8] Record @ [Record 101 Min | Average T Wox
Abadan Babol 78 74 70 76 73 12 4 78 75 70 75.00 80
Aborian | Tsfahan |80 5 ] 80 78 82 0 7a 7] 74| 7ao0 | 85
Absdan | _Kar 7 85 50 72 78 80 7 80 5 72 | 8000 | 65
4| Abodan | ashan |78 80 75 I (X o 7] & 74| Boe0 |6
Abadan Kerman 80 i7 74 85 75 88 78 80 [i] 74 79.90 £8
Abadan Mashhad [E] B4 74 78 T2 BO 85 77 a0 7. BO.00 83
Abadon | Gom |76 58 5 50 a2 55 B2 50 50 76 | esi0 | %
B Ahadan Yazd 78 80 a0 ] 85 85 88 74 1] a5 74 B5.30 95
9 | Bandar Abbas| Babol 85 72 76 75 81 a0 85 78 B0 [:5] 72 79.70 BS
Bandar Abbas| Isiahan 85 80 B0 77 =TT 82 74 85 1] 80 74 B0.00 B5
Bandar Abbias|  Karaj 74 75 B4 7 a0 72 81 B8 &0 87 . 79.80 88
Bandar Abbas| Kashan B 75 74 B85 78 78 B0 80 a7 BE 7 80.40 :1d
Bandar Abbas| Kerman 78 82 72 75 78 B0 75 70 73 70 70 75.30 82
Bander Abtias| Mashhad 75 B85 78 82 a5 70 80 B8 B0 78 0 80.20 88
Bandar Abbas|_ Com |73 58 5 3 80 74 B0 & 83 B0 73 | Eo30 |66
Bandar Abbas]  Yazd 74 71 a0 B0 BO 82 73 85 78 [T] 71 80.20 90
Arak Babol 65 70 70 74 [i1) €5 68 75 72 76 65 70.10 76
Arak |sfahan 74 80 4 70 76 73 9_2 78 70 75.10 82
Arek | Kam |77 7] 76 70 70 65 o7 70 & | 7040 |77
Ak | Rashan | 66 66 72 69 70 58 0 59 72 B | saso | 72
Arak Kerman 75 70 80 77 B4 7! 74 70 76 70 0 75.40 B4
Arak 78 77 89 BT a5 ] il &0 78 80 77 | 8000 |8
Aral Qom 4 70 T2 73 72 i 68 71 65 68 B85 70.00 74
Arak Yazd B2 80 [ T 7! 89 74 70 72 0 §§ 74.60 B2
Istahan Babol 67 (] i) iz 74 0 72 B4 70 84 70.40 76
Isfahan Isfahan 72 [ 72 68 Tz 7 77 66 70 67 65 70,30 77
Tefahan | Karal |80 52 76 i 70 o & 78 8 80 70| 6040 |88
Isfahan Kashan 67 70 70 73 7 75 72 70 68 68 ] 70.10 75
28 Isfahan Kermin 77 68 69 1] 72 7 66 67 70 69 66 69,80 s
30 | isiahan | Masthad | 87 82 50 3 i 7 74 [ 77 78 7| 7940 |87
31| isshan | Gom | 80 7i B2 1 72 7 7 75 70 72 70| 7450 |62
37 | istahan | Yazd |70 77 [ & B 7 70 67 3 & | 7070 | 78
35 | Tehon | Babol | 65 58 70 & 50 i3 5 ) w0 B | eijo | 10
34 ghran Isfahan 8 75 79 80 7 85 a0 B2 B85 i 75 80.50 85
35 ehran Karaj 78 68 70 66 T2 B4 1] 72 70 T B4 69,20 T8
38 ahean | Kashan | 69 74 68 70 [ & 69 70 72 70 B 8920 | 74
ar ahran Kerman 80 72 75 69 80 78 70 70 78 79 68 75.10 1]
38 Tehran Mashhad 76 74 g 80 a5 82 78 77 80 82 T4 80.20 88
35 | Tehvan | Qom | 66 70 59 7d 70 &7 70 5 ) 75 5 | 690 | 75
40 ohdan Yazd 77 77 75 69 78 a2 72 70 73 70 _G_B_ 74.30 B2
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F. 14 Trucks Activities Pattern

The following tables illustrate trucks working pattern. This working pattern is collected for
a three months period. The working pattern is used to establish the time between failures
and time to repair for the trucks in the simulation model.

Status Descriptions

O | Trucks off works but available
R Trucks taken for repairs
W1 W2 W3
Trook |07 |02 [D3 [p4 o5 |D6_[b7 |1 D2 |p3 |p4 [D5 [p6 |b7 |Di _|o2 [b3 b4 D5 _[D6_|D7
T1 | 306] 368| 326/0 |0 |0 __|O__| 502| 497| 310| 282| 321| 345]0 | 437] 336| 387] 466] 322| 380 454
T2 [ 453| 453| 368| 326] 277| 281 4070 |O | 414 381| 312| 431]0 | 396] 427 490] 415| 290] 305[0 |
T3 [ a77] 450]R IR IR IR |0 | 402| 215| 388| 462| 247| 484|0 | 402| 470| 496] 293| 370| 359|0
Ta | a73| 298] 213] 321] 248] 415[0__[0 [0 |0 Jo [0 |0 [0 | 468] 400| 311] 444] 302| 34110
T5 | 435] 430] 392| 349 502] 330{0__| 378| 409| 34| 437| 412| 299|0 | 343| 389 3420 O [0 | 362
T6 10 |0 |0 | 506] 489] 274[0__| 00| 442| 448| 322| 466| 394|0 | 460] 430[R [R__|R | 369|0
T7 | 468] 459] 335] 437] 380] 264|0 | 342| 473| 278| 442 265| 320|0 | 200| 334[ 378| 303| 431] 299]O0
Ts | 288] 299] 463] 336] 490[R__|R__|O__| 316] 233| 429| 390| 396|0 | a70[ 379[ 300| 473 484| 394|0
To | 480 349] 366| 449 272| 399]0__| 366| 246| 329| 388| 361 402[0 | 302 430| 342| 308| 369| 329]O
T10 | 312] 411] 347| 537] 464] 435]0 | 450| 237] 412| 431| 458| 468|R _|R__[R | 522 431] 299] 376|0
TT1 | 396| 448] a12] 272] 361] 474j0__[0__[0_ |0 |0 | 368 a78l0 | 414| 396] 437] 429] 289f 299|O
T12 | a97| 327] 387 464] 356] 453]0__| 240 295| 347| 448| 473| 3000 | 396[ 240| 322| 388] 337 449[R
T13 1 357] 437] 366] 361]0 [0 |O__| 234| 202| 522| 367| 464| 342|0 | 240| 456 450] 431] 346| 297]O
T14 | 399] 336| 453] 355] 500 298|0__| 414| 245| 328 364]0 |0 | 522| 456| 420[ 369 380| 382| 301]Q
715 1o [0 [0 [0 10 0|0 | 396] 427] 336] 350| 361| 366|0 | 420] 490] 343| 460| 388| 398]O
T16 | 323| 537] 373 500] 472| 45710 | 240| 470| 377| 482| 246] 450|Q | 390| 496] 389] 430| 354] 395|0
T17 | 268| 272] 435| 349] 401] 459|0 | 456 400| 490| 424| 427| 354/0_|O0 [0 |0 JOo |0 O 1O
T1s | a04| 464] 328] 411] 382] 499j0_[0_ |0 |0 [0 [0 [0 o o _Jo _fo [0 o lo [o
T19 | 436] 361] 468| 448] 410] 349|0__| 390| 473| 311] 413 436| 234|0 | 368[ 484[ 395| 305| 395[ 306|0
T20 | 282] 298] 485| 327] 382] 497|0__| 361| 308| 431| 340 215| 414|0 | 473[ 369] 342| 343| 315] 342]0
To1 | 448] 388| 368| 280] 347] 310|R__| 458] 431| 484| 425| 319| 3960 | 295| 209| 324] 460 449] 324]O
To2 [ 348[R _|R | 435] 338| 282] 500|0 | 394| 369| 362| 409| 240[0 | 367] 394] 366] 362| 379] 366]0
T23 | 68| 448| 382] 401 373] 321|R | 473| 472| 299| 378| 259| 456|0 | 414[ 329| 419] 448| 440f 419]0
To4 | 326] 348] 373| 417] 266] 349|0 | 464| 343| 304 349| 255 420|0 | 388[ 376| 303| 420| 337] 398 345
T25 | 277 469] 387| 327] 79| 508]0__| 393| 381| 320| 423| 380| 366 487| 412[ 299] 400]0 |0 |0 IO
To6 1 2810 [0 |0 10 |0 |0 | 361| 462| 376] 307| 322| 450[0 | 346| 349 444] 296| 411] 3920
To7 | 407| 299| 322| 404| 327| 336|0_ | 246| 347| 299| 298| 317| 354|0 | 448[ 442| 334[R_|R _[R |R
T8 | 241] 348| 380 450] 365| 449|0__ | 427| 437| 349 434| 289| 2400 | 278 429| 379] 412] 303[0 [0
T29 | 502] 256] 454]0 [0 |0 |0 [0 |0 | 442| 224| 352| 234[0 | 233 388] 430| 349] 400[0 _|O
T30 | 497| 240] 323] 309 277] 272|0_ | 424| 450| 429| 259| 295| 414| 44| 329] 431[R [0 |0 [ 371]O
T31 | 310] 203] 268| 351| 436] 464|0__| 418| 369| 388| 255| 367| 3960 | 427] 380 440| 292| 245| 310]O
T2z | 282| 390] 497] 4200 |O__|O__| 413| 259| 431| 380 215 240{0 | 400| 448 337] 336| 377] 420|0
T3 | 321| 323| 357| 417] 298] 355|0 | 340| 255| 380| 322| 319| 456{0 | 436] 367| 487| 466] 265| 325|0
T34 | 349] 208] 399] 327 347| 418|0__| 278| 380] 448|R |R | 347{0 | 216| 364[ 321] 435] 400| 296|0
T35 | 508 324| 435] 373] 361] 500|0__| 233| 322| 367| 412| 429] 5220 | 319] 350 394| 337 444] 41110
T36 | 437]0 [0 [0 |0 | 217|0__| 329] 317| 364| 346| 388| 328|0 | 378 482[ 415[ 392 463| 448|0
Ta7 | 336 282] 453| 450| 418] 472|0_ | 412| 289| 350| 448| 431| 336|0 | 349] 463| 420| 361| 376 336|O
T3g | 449 448] 450] 418 500] 401|0__| 367| 352| 482| 278| 442| 377|0 | 423[ 376 325| 392| 361] 34710
T3 J0 [0 |0 |0 | 217] 382] 388|0__|O | 396] 233 429| 415|0 | 307| 394] 296| 325| 296] 30410
Ta0 | 258| 505| 430] 217] 600] 410] 456]0 [0 | 349| 423| 307| 298]0 | 298] 444] 411] 306] 293| 2630

ﬁ
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W4 W3S W6
Truck |D1 D2 |P3 [D4 D5 |D6 [P7 |D1 [D2 |D3 |D4 [D5S [D6 D1 |D2 |D3 |D4 |D5 |D6 |D7
T1 o |0 O 502]| 497] 310 380 454|R |R |R IR 474] 453| 450] 298| 430 457|0
T2 323| 268| 324|[R IR R 440| 413] 362| 324| 290| 289 277| 281| 407| 354| 419]| 387] 380
T3 413| 324| 384| 404| 353| 444 337] 3240 |0 |O 337 468| 319] 412| 347| 442| 369|0
T4 362| 307| 280| 485| 331| 398 487| 384| 280| 404] 343| 346 307| 384| 305| 412| 400| 337|R
15 307| 280[ 485| 331| 398| 382| 404] 321| 404| 485 353| 460| 382 449] 379] 440] 349| 444| 346|0

o _|0 371] 463| 382| 404
472| 324| 310] 376] 388
449| 366| 420| 394| 354

394| 353| 331| 444| 362| 388
415| 444| 398| 348] 448| 354
290| 348B|R R 379] 388

16 305| 289] 289| 413| 362| 444
T7 342] 3371IR __|R__[R 302
T8 324| 346| 306] 460] 386] 341

olo[o
ES 1
s|&

OOOODOOOOZUOODOOOOOJJE

o
0]
j0)
0
4
O
8]
O
T9 o [0 | |0 412]| 342|0 305| 471|R 290| 424| 368 366| 382| 293| 325| 444| 388|0
T10 419] 388| 370| 448| 349|R |0 343| 472| 395| 305| 334|R 310| 343| 293| 370] 302| 368|0
T11 303| 400| 359] 379| 371] 430|0 460| 449] 370| 343| 379| 325 4201 460| 444| 302| 341| 395|0
T12 R IR 389 424| 310] 428|0 362| 297| 359] 460] 430] 296 325| 362| 395| 444] 342| 449|0
T13 400| 288| 301| 334| 420| 335|0 448| 301| 389/0 [0 |O 0O 362| 374| 411] 396| 287|0
T14 350 337| 398| 379| 325] 278|0 379| 449| 430| 448] 455| 392 321| 318| 376|0 306] 3010
T15 389| 346| 395| 430|0 |0 376| 424| 379| 428| 379] 367| 430 454| 449] 477| 418| 217| 430|0
T16 430| 382| 418]0 411] 3370 334| 440{ 335| 424]| 403] 421 361| 311| 342| 396| 388] 418|0
T17 428| 388| 518| 370| 302| 392|0 379| 337| 278| 334 433]| 394 458| 431] 398| 290| 368| 318|0
T18 335|IR IR R _|R 361|0 430| 487| 435| 379| 440| 413 420] 303| 496] 418] 400{ 240|0
T19 278| 368| 297| 342| 392| 424|0 335| 321|0 430] 319| 368 296| 460| 362| 448| 379| 424|0
T20 293| 395] 301| 396| 382| 4280 278|0 |0 412| 407| 323| 375| 411] 430] 428] 335| 278 435|0
T21 370] 315| 398| 412| 388| 400|0 435|0 |0 349| 305| 317] 415] 392 396] 412| 349| 371f 310|0
T22 359] 449| 395| 349| 354| 444]0 337]R IR 371| 375] 396| 357| 430] 370|R R IR 506| 471
T23 389| 379| 418| 371| 388| 463|0 392| 444| 321| 310f 311] 408|0 421| 430] 374] 455| 367| 403|0
T24 |0 10 318| 310| 368| 376{0 361| 302]| 394| 420] 322| 290|0 394| 361| 424| 428] 448| 336|0
T25 460| 362] 306| 379 424| 394| 378| 424| 341] 415| 379| 413| 448|0 413| 296| 411| 392| 430| 421|0
7126 430| 428| 335| 278| 435| 444|0 428| 342 290| 440| 324| 379|0 447| 466] 373| 304| 437| 289|0
T27 306| 412| 349| 371] 310] 420] 325| 343| 396| 305| 337| 384] 424[0 537| 348| 298| 500] 356| 337|0
T28 310| 424| 435| 305] 256] 317]|0 460] 412] 343| 487| 404| 334|0 436| 474| 404| 355| 440| 346|0
T29 420| 334| 337] 375| 281| 396|0 362| 349] 460] 321| 353| 379|0 263| 319| 263| 368] 500| 382|0
T30 325| 379 392| 311] 290/0 O |0 |0 362| 394| 444| 430] 550] 382] 407| 382 323] 365! 388/0
T31 296| 430| 361] 322] 341| 280|0 424] 395| 444| 415| 348| 374|0 256 305 256] 317][R R |R
T32 411| 374] 424] 334| 337| 420|0 334| 418| 463] 290] 471| 455|0 281| 336| 347| 304] 263| 382|0
T33 392| 455| 428| 379] 392| 325|0. 379| 318| 376| 305| 472| 367|0 20| 421| 394] 413| 368| 323|0
T34 4300 [0 |0 o o o Jo o |0 |0 |O 403|0 304| 448| 430] 361| 296] 430] 306
T35 421| 403| 336| 374| 424| 411j0 374] 293| 444] 411] 297] 433|0 413|0__ |0 388| 353] 331|0
T36 304| 433| 347| 455| 428|0 |0 455[R 302| 392| 301| 440|0 368| 514|R 354| 444| 398|0
137 413| 440| 304| 367| 448| 430|0 367| 359] 341| 430| 430| 3190 323| 289| 413| 362 317|]0 |0
738 |O 319| 263| 403| 336| 421|0 403] 389] 342| 421] 361] 407|0 317] 337| 324| 307] 396|R |R
T39 440] 319] 407| 305| 375| 392|0 433| 430] 396| 394| 296| 305|0 396| 346| 384]| 280 408|0 |O
T40 304| 263| 382] 256] 281| 408|0 368] 421] 394] 413|[R _|R |0 408] 382| 404| 485 290| 374|0

ﬁ
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W7 w8 W9
D1 |D2 [D3 |D4 |D5 |D6é D7 |D1 |D2 |D3 |D4 DS |D6 [o7 |[D1 D2 [D3 [D4 [D5 [D6 _|D7
499| 349| 411| 448| 327| 280|0 401| 417| 327| 373| 404| 450|0 309] 351] 457| 459| 499[R |0
328| 457| 229| 270| 280| 502| 337| 310| 303| 413| 502| 402| 427|0 321| 394| 302| 415| 444| 366[0
o 10 IO 390| 404| 497| 388] 400| 431| 362| 497| 215} 490|JR |R IR |R 379| 430 450|0
R |[R IR IR IR 310| 388| 348| 369| 444| 310| 414| 415|0 450] 366| 424| 300| 342| 240[0
367| 440| 315| 402| 310 282|0" |0 |O 394| 282| 381| 290|0 237| 246| 388| 431]| 429| 379|0
403] 319| 449| 215| 380 321|0O 390| 395| 353| 321| 312| 305|0 329| 233| 468| 299| 289| 300|0
433| 407| 379| 414| 454| 3490 415| 289| 343| 349| 431| 413|0 388| 429| 343| 329| 376| 4310
490| 305| 424| 381] 315| 437|0 315| 289| 460| 437| 396| 324|0 361| 390| 430| 419 303| 299|0
415| 375| 334| 312| 449| 336|0 4790 |00 |0 378|0 402| 396| 240|R _|R 32910
290| 311| 379| 431| 379] 387|0 400| 331| 379] 404| 382| 409|0 370| 290| 295| 341| 342{ 419]|0
305| 322| 430] 396| 378| 466|0 311| 398| 354| 440| 343| 388|0 304| 334| 412| 290| 305| 388| 289
413| 413] 374| 427| 409]| 322|0 444| 382| 336| 413| 460 462|0 302| 378| 431| 348| 471| 370] 376
324| 362| 455| 337| 388| 380|0 302| 321| 387| 362| 362| 2470 415| 308| 458| 395| 370] 460(0
384| 324| 353| 324| 462| 323]0 |0 |0 |O 324| 362| 484| 478| 444| 369| 468| 305| 343| 396|0
440| 290| 444| 485| 247| 268|0 341| 404| 466| 290| 318| 402|0 415| 394| 341| 376| 342| 302|0
R 343|R R 484 324|0 307|010 280] 448| 470{0 290| 324| 290| 303 305| 430/0
293| 337] 392| 325( 402| 502|0 280] 398| 3220 |00 |0 |O 346| 348| 400] 471| 342| 343
370| 278| 361| 296| 470| 497|0 485| 348| 380| 343| 404| 293|0 343| 306] 395| 359| 370| 429|0
359| 435] 424| 411| 496] 460|0 485| 448| 323| 337| 353| 370|0 379| 240| 305| 404|0 |0 |©
362 337 353|IR _|R R |O 331| 388| 268| 442| 444| 359]0 387| 295| 334| 412| 379|0 |0
307| 346| 371| 310| 420| 346|0 398| 316| 324| 473| 337| 362|C 311| 412| 368| 234| 389| 303|0
280| 306| 489| 478| 356| 545| 420] 487| 278| 502| 278| 324| 307|0 342| 431| 400| 292| 448| 400/0
404] 325| 4520 |0 |0 @ O |0 |O IO 485| 280| 485| 473| 458| 389| 347| 455| 359|0
428 302| 392| 430| 421] 392| 354]0 |0 |0 |0 |0 |0 [O 387| 468| 368| 448| 296| 404|0
448| 430| 477| 418| 217] 430[0 384|R R R R 382| 428] 311| 302| 414] 368| 302| 412|0
336| 421| 504 289| 453| 421|0 331| 442| 497| 353| 346| 437]|0 342| 430] 245| 378| 431| 342|0
347| 394| 578| 325| 612] 394|0 |0 [O 310| 460| 448| 322| 487| 473]| 342| 522| 414| 299| 305|0
304] 4130 |0 IO 413|0 444| 265| 380| 346| 442| 265|0 289| 429| 367| 502| 497| 471|0
304| 413| 368| 323| 317| 368|0 362 329]0 |0 o |0 o |O 396| 473|R R R IR
o |0 O 263| 428| 323|0 382| 460] 454| 331| 398| 485|0 299| 522| 300| 389| 310| 349|0
R |0 |O 382| 448| 317|0 342| 430] 289| 444| 487 485|0 400] 388| 396| 448| 282| 343|0
342| 396| 388| 256| 336| 396|0 473| 368| 395| 362| 384( 331|0 289| 337|]0 |0 321| 4720
398| 290| 368| 281| 347| 408|0 448| 473| 315|R R R |[R R IR R R R 359|0
394| 296] 449]| 290| 304| 290|0 322| 484| 449| 341| 311| 506|0 240| 301| 336] 395| 349| 460[0
371| 457| 440| 341| 345| 474|0 466| 299| 300| 307| 444| 437[|0 437] 379| 387| 315| 437| 430[|0
310] 387[R IR IR 277|0 394| 342| 342| 280| 302| 412|0 431| 371| 466|R _ |R 325|0
0] 369| 408| 382| 395| 468|0 343|100 |0 |0 298|0 346| 430| 322| 268| 310| 444|0
R 33710 |0 |0 307|0 389| 337] 300] 442] 346| 468|0 449| 460| 380| 324| 380f 303}|0
o |o Jo |o o o |o 342| 487| 442| 346| 300] 400{0 359| 449| 323| 502| 454| 484|0
O |0 |o jo o o o [0 |R R R R 316| 458| 337| 449 300| 497 289| 342| 316

#
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W10 W11 W12
Truck ID1 D2 D3 D4 |D5 o6 |D7 |pt1 D2 |D3 [D4 D5 [D6 |D7 D1 [D2 D3 |D4 [D5 [D6
T1 321] 415{ 330/0 |0 |0 |© |O 392| 229] 335| 463| 366|0C 312| 387| 382| 373| 387| 466
T2 456] 390] 361j0 |0 |0 O O 308|R _|R 473| 500] 456] 337] 500] 414]| 240| 522| 278
T3 400] 473] 308j0 |0 [0 |© |O 361| 458 448| 472| 394] 315| 424| 518] 473| 456| 388| 442

379| 430| 369| 322| 337 265
278] 411] 460] 380] 299f 329
234| 379] 449| 382| 342| 460

T4 377| 490] 311] 490] 369| 430 354] 398| 428| 388| 440 369]|0
T5 482| 424] 413] 496] 343| 305| 395] 395| 335| 500| 342| 362|R
T8 246| 427| 436| 484] 389| 343| 315| 385| 278| 368| 369| 408|0

[o][e] [e]

D7
o]
o]
0
9}
Q
e}
T7 450| 354] 234| 354| 456] 390|0 379| 431 425| 449] 240| 321| 487| 292| 337| 298| 297| 473| 430|C
T8 420] 390| 368) 390| 400/ 473|0 306] 340] 319] 398 367] 490j0 O O 293| 366| 448| 368| 348
T9 490] 496| 484| 498] 377| 490]0 370| 215| 396| 342| 394] 3710 |0 |0 |0 |Oo |0 |0 O
T10 369] 343| 389| 343| 482| 424]0 315| 414] 295] 382| 395| 375|0 234| 354| 395| 315| 412| 2450
T11 430 305] 343| 305| 246] 427|0 301| 473| 209| 428| 353| 323|0 368| 390| 297| 385| 407| 5220
T12 354] 395|R IR R IR |0 502| 369| 362| 412| 444| 487|0 484| 496| 370| 278| 396] 367|0
T13 398| 395| 385[ 450|0 3610 392| 460] 311]| 407| 348] 3210 389| 343| 384| 368| 427| 473|0
T14 398| 428| 388| 418| 368| 308jO 424| 449| 413| 413] 471 353|0 343| 305| 361| 325] 328| 300j0
T156 305| 335| 500] 518| 484| 311|O 430] 298| 436] 331] 4720 |©@ |0 395| 392| 368| 364| 396|0
T16 385| 278| 368| 325| 389| 413|0 487] 293] 234| 398|R  |R IR 337| 395| 334] 302| 464| 347|0
T17 395] 325] 335| 430] 343| 436|0 349] 395| 368| 444| 331| 398|0 487| 335| 440| 413| 342| 448|0
T18 305| 278] 500| 354| 315| 234|0 305| 297| 484] 413|0__ |0 @ |O 395| 435| 362| 394| 368|0
T19 |0 379| 518| 398| 385| 368|0 368| 370] 389| 324| 485| 395|0 324| 289| 414| 444| 353| 378|0
T20 |00 |0 428| 278| 3250 398| 384] 343] 384/|0 34210 346] 289|R IR IR 414| 506
T21 430] 424| 379| 388| 485| 368|0 382] 361] 315| 404]0 |O 293| 306| 331| 404 322| 240| 396|0
T22 411] 379] 440] 418| 289] 302|0 394| 379] 385| 449| 318| 324|0 321| 398| 412]| 466] 437| 246|0
T23 337| 278| 421] 379| 413| 392|0 431] 337| 278| 297| 306] 366|0 394| 382| 342| 394| 431| 233|0
724 |0 |0 |0 o o |6 |0 |0 [O 368] 301| 362| 419|0 302 321| 305| 343| 346] 429|0
125 449| 430| 431] 431| 340] 215| 414] 473| 369 325 398| 307| 303]0. [0 O |O 389| 449| 390| 288
126 335| 280| 394| 484 425] 319] 396] 295| 299] 368| 395| 280| 400{0 419| 448| 460| 415| 316| 396|0
T27 334| 289| 431| 394| 297| 368|0 263| 370 302| 418] 289( 341|0 388| 349| 449|0 |0 290{0
T28 433| 487] 431| 484| 389| 302|0 382| 359] 392| 428| 337| 342|0 370| 343| 389| 460| 471| 334|0
729 |IR__IR 340| 425| 346| 392|0 256] 389] 334| 448| 346] 396|0 460| 472| 448] 430| 370| 379|0
T30 |0 |0 215| 319| 398| 334|0 281| 430| 440] 336] 382 412|0 396| 359| 455] 325] 343| 335|0
T31 472| 394| 301] 428| 424] 44010 IR 428| 435| 347|R 34910 341j0 [0 |0 |0 334| 358
T32 369| 484| 430| 424| 310| 435|0 278] 335| 430| 304/ 388f 371|0 290| 387| 444| 296| 487| 433|0
T33 362| 425| 382| 403] 428| 430{0 435| 392 319] 290| 354| 310|0 379] 430] 389] 430 428| 430|0
T34 409] 319] 395| 392| 362| 319|0 337| 430| 394 341| 388] 4200 371] 382 346|R _|R |R |R
T35 240| 398| 435|R IR 39410 392| 421] 485[ 394| 431| 444|0 430| 395| 398| 424| 379| 428|0
T36 367| 295| 431| 484| 430| 485|0 361] 394| 331| 444| 394| 463]0 278] 334| 424| 403| 367| 388|0
T37 394| 299| 340| 425| 379| 331j0 424| 413| 362| 302| 431] 376|@ 379| 420] 310| 392| 435 418|0
T38 334| 369| 215| 319| 367| 362|0 396] 368] 325|R _|R R |O 449| 335| 428| 307| 341| 379|0
T39 420] 448| 414] 3%6|0 [0 |O 408| 323] 296] 371] 310{ 420|0 280| 448| 362| 395| 369| 325(R
T40 335] 301] 473] 295] 299]0 [O 200] 317] 411] 394 444| 302|0 289| 301| 297| 337] 34210 |0

The following table illustrates the concluding remarks from the above activity patterns for
each truck in the system.
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Appendix F: Data for Simulation Model Developments

Total No, | No.Days No, Days No, Days. No. Min
Days | Offwork | Repair | Working | TOTAL™IN | offworc| %R
84 20 [ 58 22727 2880 | 12.67215
84 14 5 65 24201 2400 | 9.916846]
84 19 [ 57 22855 3840 | 16.80158]
a4 16 6 62 22752 2880 | 12.65823
84 14 1 69 _26076 480 | 1.840773
B4 17 3 64 23750 1440 | 6.063158
84 11 3 70 26187 1440 | 5498912
84 13 4 67 26504 1920 |7.528231
84 26 3 55 20663 1440 | 6.968978
4 10 3 68 25419 2880 | 11.33011
84 5 0 69 25748 0 0
84 0 7 67 26037 3360 | 12.90471
84 9 0 65 24264 0 0
a4 16 0 68 25708 0 0
84 21 0 63 24513 0 0
A 14 6 64 24280 2880 | 11.BG161
84 21 0 63 24066 0 g 1]
B4 27 4 53 20271 1920 | 9.485079)|
B4 16 1 68 26035 0 0
84 17 3 61 22358 2880 | 12.66072
84 13 1 70 25694 480 | 1.86814
84 9 7 68 28014 3360 | 12.91612
84 17 1 66 25446 480 | 1.885348
84 26 0 58 21388 0 0 I
84 13 4 67 25026 1920 |7.434368|
a4 16 0 [ 25788 0
a4 13 4 67 24932 1920 | 7.700947
84 16 0 68 26112 0 0
a4 22 6 56 20700 2880 | 13.91304
84 20 1 63 23341 480 | 2.056467
84 3 3 62 22915 2880 | 12.56819
84 6 0 68 25230 0 0
84 1 g 64 23989 4320 | 18.00825
84 20 [ 58 21212 2880 | 13.57722
84 14 2 68 26697 960 | 3.58581
84 17 7 60 23041 3360 | 14.5827
84 18 0 66 24948 0 a
84 15 6 63 23470 2880 | 12.27098
84 25 1 58 21561 480 |2.226242
84 20 [ 58 20832 2880 | 13.82488
Average | 10.83 338 63.80 24062.83 | 1620.00 | 6.2

F.14.1 Trucks breakdown pattern

Month Number of trucks with no breakdown during the month
1383 1382 1381 1380 1379
1 14 12 11 12 10
2 10 12 12 11 12
3 12 8 10 8 11
4 11 10 14 7 10
5 8 12 12 14 7
6 10 11 10 14 12
7 12 7 11 10 14
8 11 14 12 11 14
9 12 11 8 12 12
10 - 10 10 11 11
11 - 11 11 12 11
12 - 13 12 10 10
Average 11.11 10.92 11.08 11.00 11.17
Over all Average 11.06
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