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ABSTRACT

Within an organisation calibration kits are used every day to ensure that the machines are ready for

production whether that’s after a preventative maintenance or a qualification activity post a machine down
event. The Calibration kit process allows engineers to check critical process attributes that effect
production. In many organisations calibration kits can outnumber the quantity of production units in process
by up to 3 times. This is largely due to factory management only being concerned with calibration kit
management when a production line is stopped due to waiting for a calibration kit. In recent years there has
been significant work completed on the Calibration kit process from a demand and supply side however the
key components of the Calibration kit process and its inherent variability make the management of the
Calibration kit process extremely difficult. Breaking down the Calibration kit process to its most basic of

functions show that it can be defined as a reusable article within a closed loop supply chain.

The management issues that affect RA’s (Reusable articles) within a closed loop supply chain such as
Calibration kits include fleet size definition, control and improvement of return rate and control and
improvement of cycle time. To date ‘pool managers’ have struggled with this aspect of RA management
given the variability that exists in the system when it comes to cycle time, quality and fleet shrinkage. To
date the methodologies for determining fleet size within an RA process have ranged from ‘rules of thumb’
to the development of optimised simulation models. However the issues with these methodologies to date
range from inappropriate assumptions in the analytical space to a time consuming overly complex process

in the area of optimised simulation modelling.

The research presented in this thesis, investigates and tests if it possible to find a balance between the basic
rules of thumbs which are easy to interpret/ apply and the area of optimised simulation modelling which is
at the upper echelons of advanced analytics but is sometimes out of reach of a fleet size manager due to
lack of time, data and expertise. The results of this work established that it is possible to determine a
generalizable analytical model for fleet sizing that would adequately replicate the results of a simulation
based optimisation approach. The model, although showing positive results from an accuracy and
robustness perspective, is limited by the maximum and minimum of fleet size requirements borne from the
data on which it has being trained and therefore is not generalizable to problems where fleet sizes larger

than 45 may be required. But it should be possible to extend the analytical model for such problem domains.



Table of Contents

DECLARATION ..ciiiiiitiiitttittttetttttetttttetteeeeeeeeetteeaeaee et e ee et e e e eeeee e e et e e e e eeeee e et e eeese e e et seeeseseeeeeeeeeseseseeeeenenenenenenenenennnnne i
D1 T 1 (67 I (O PP PPPPPPPPPPPPRPRY ii
ACKNOWLED GEMENTS L. e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e aaaaaaaaaeaens iii
ABSTRACT ...ttt ettt b et s h ettt e bt e bt e s bt e s bt e s at e e ab e ea bt e bt e be e sh et sae e e Rt e b e e e bt e sheesab e e bt e be e b e e abeeeaee e e e enteens iv
T o) B T = (U LSRR viii
LIST OF TABIES ..ttt sh ettt e e et e bt e bt e sae e sate st e e bt e b e e bt e beesbeeeateenteenreen iX
CHAPTER 1: INTRODUCGCTION ... e s e s e e e e e e e e e e e e e e e e s e e e e e e e e e e e e e e e e e eeseeasasasasananasanenns 1
1.1 RESEAIC IMOTIVATION ..eeiiiiiiiiie ettt et ettt e st e st e s bt e e sa b e e sabeeesabeesbteesabeesabeeesaseens 1
CHAPTER 2: LITERATURE REVIEW ... e e s e e e e e e e e e e e e e e e e s e e s e e s e e e e e e s e e e eneneenns 4
2.1 Introduction and SECLION LAYOUL........ceiiiiiiieeiciiiee ettt cectte e et e e e ette e e e ette e e e ebteeesebteeesebteeeeenseaeaesanes 4
2.2 GreeN LEGISIATION . ..eeeiei ittt e e et e e e e ettt e e e e e bt e e e e e bte e e e e bteeeeeantaeeeeantaeeeenrraeaeanes 4
2.2.1 Impact of this [@ZISIAtioN ..........ueiiiiee e e et e e e ree e e e 6

2.3 What are ReUSabIe ArtiCles......ooouiiiiiiiiee ettt s st esbe e e saes 10
2.3.1 The Reusable Article TYPES ...ttt et e e et e e s s bae e e e sbee e e e sbaeeeesanes 11

2.4 Problems with the Management Of RA'S ....coo ittt aree e 12
2.4.1 Defining the Fleet Size diMENSION .......cocciiiii ittt e et e e e et e e e e eateeeeeanes 13

2.5 Methodologies used to calculate FIRET SiZe........oooeueiiiieciiiie et e 14
CHAPTER 3: PROBLEM DEFINITION AND METHODOLOGY DEVELOPMENT ...coeeieieieieieeeeeeeeeeeeeeeeeeeeeeeeen, 21
3.1 Introduction and SECLION LAYOUL....cccuuiiiiiiiiie e cciiee ettt e e e aee e e s e e e st e e e s abeeesensreeesenarenas 21
3.2 What are Calibration KitS? ........cocueeiiiieeieienerte et 21
3.2. 1 ThE ClEAN PrOCESS .. .eeeuteeteeetieeite et ettt et e st sat e st e et e e bt e s bt e sat e sabesabeeabee bt enbeesueesabeebeenbeesaeesanenas 23
3.2.2 ThE BANK PrOCESS .....eeiuieitieitieeite ettt ettt ettt e b e s bt e sat e st et et e e bt e s bt e saeesateebeenbeesaeesanenas 24
3.2.3 The RECIQIM PrOCESS. .. ..eitieitieeite ettt ettt b e s at e sttt e bt e s bt e sbeesateebeenbeesaeesanenas 26
3.2.4 Roles and RESPONSIDIlITIES ...cccuiiiiiiciiiee e e e e e e e e e s ebaaeeeeanes 26

3.3 Calibration Kit Management SYStEMS.....cccuiiiieiiie e ectee ettt ree e s ree e e eare e e s e rare e e s esbeeesennreeas 26
3.3.1 Calibration Kit DeCiSION ENGINE .....c..vveiiiiiiieieiiiee ettt ee sttt e e e tre e e e s bte e e s ebaeeessraaeeeennes 26
3.3.2 Calibration Kit MONIitOring SYStEM .......ciiii i e e e e e e e e e e e enerreeeee s 29

3.4 Research MethOdOIOZY ... e e e e e e e e st ee e e e e e e s e e nsraaeeeaeeannns 30
R - | = T T 1 o 1= o T =PSRN 31
3.5.1 Qualitative Data Gathering .......coeicciiiie it e et e e s e bre e e e st e e e e sraeeeeeanes 31



3.5.2 Quantitative Data Gathering.......ooocuiiiiiiiie e s e s 33

3.5.2.1 Calibration Kit Decision Engine (CKDE) Data........ccccceeecvieerieeiiiieereeeeieeesreeseeeeveeessee s 33
3.5.2.2 Calibration Kit Monitoring System (CKIMS) ......ccccciiieiiiieee e eree e e e e 34
3.5.2.3 ERP SYStemM Data oo e e 34
3.5.2.3.1 Demand Characterization ..........ccceoeereerienieereesesee et 36
3.5.2.3.2 Module Usage Characterization.........c.ceiecuiieeiiciiieiiiiiee et ssiee e ee e seee e s saeee e 36
3.5.2.3.3 Clean Process Characterization.........ccocueeeiieeriiieeiie ettt 37

3.6 Methodology DEVEIOPMENT........viiiiiciiiie ettt et e e et e e e s bae e s s abeeeesnbeeesssbeeesenasenas 37
I ST A Lo V1 A= 1 T 0o [T Y=< PR 37

R I A/ [o Yo <l B LTy = o PPNt 38
3.6.2.1 Proof of CONCEPTL DESIZN ..cc..evieeeeieee ettt ettt e et e e e e arae e e et ae e s entaeeeenneeas 39
3.6.2.2 INitial MOAEI DESIZN ....uvveeieiiiiieectee ettt et e e et e e e st e e e s abae e e ssbaeeesnreeesenareeas 41
3.6.2. 2.1 DAta INPUL e e e e e e e e e e e e e e e e e e e e e e e aeeens 41
3.6.2.2.2 MOAEI DESIZN ....vveeeeiieee ettt ettt ettt e e e et e e e ebte e e e ebte e e e ebtaeeeebaeeeeebaeeaeeantaeaeaanes 45
3.6.2.2.3 BIOCK DELAII ..ottt st s 46
3.6.2.2.4 MOdel DESIN REVIEW.......cviiieiiiiee ettt ettt e e ettt e e ettt e e e ette e e e e sttae e s ebaeeeeebaeeeseseeeaeennes 46
3.6.2.3 MOdel DESIZN REVISION 2..c.uuiiiiieiiiieeeiitie e sttt e sttt e e s sree e e sre e e s ssbee e s s atae e e snbaeessnseaessnsenns 46
3.6.2. 3. L INPUE DAt s e e e e e e e e e e e e e e e e e e e e e e e e e e e e aanananeeas 48
3.6.2.3.2 MOl DESIZN ...cvveeieiieee ettt et e et e e st e e e st e e e e s btae e e sbte e e e ebaaeaeearaeeeannes 50
3.6.2.3.3 BIOCK DELAII ...ttt ettt 51
3.6.2.3.4 Model Revision 2 Design Validation ...........ccooeciiieieiiiee et e ree e 51
3.6.2.3.3 OPtimMISEr DESIGN .. ciie e 52
CHAPTER 4: RESULTS AND ANALYSIS ...ttt et e e s e e s s s 53
4.1 Introduction and SECLION LAYOUL......ccccuiiiiiiiiiee ittt rrre e e e sbre e e ebae e s s nbeee e e nareeas 53
4.2 MOEI ValidatioN...c..eeieiiiiiiieie ettt st sane e 53
4.2.1 Data ClEaANSING. .. .uuiiiiieeeeieecciitee e e e e e et r e e e e e e e st areeeeeeeeesanbasaeeeeeesasnssasseeaessaaaassssnnasaasesnnsrnns 53
4.2.2 Verification and Validation of Simulation Model...........cccooiiiiiiiininieeeeeeeee 59

4.3 Actual Kit Vs Minimized Proposal .........euviiiiiii ittt e e e e e e st e e e e e e e e nnraeeee s 68
4.4 Model Comparison with Carrasco-Gallego analytical model..........ccccoeviieiiiiicciie e, 69
4.5 Fleet Size Model DEIIVATION ...c..ciiiiiiiiiieiieieerte sttt ettt st eee s 73
CHAPTER 5: DISCUSSION ...ttt ettt sttt ettt sie e st st s bt e bt e s e e sbe e et e eeeenneesbeesreesanenas 84
5.1 SUMMArY Of RESUIES ....veiiiiiiiieeceee ettt et e et e e et e e e et e e e e e abeeeeeateeeeeaabeeeeenseeeeennsenas 84



oI A (T U A [ = o o] =1 = o [P PUPR 86

5.3 HYypothesis - Proven /DiSPrOVENT .......cccceeiieeiieeiieiieeiteesteesteesteessesvesseessaessassssesssessseessesssessssessnenns 88

5.4 Comparison With Previous reSEAICI .........ccuuii ittt e e bee e e atee e e areeas 90

5.5 CONCIUSION ..ttt ettt e bt e she e sae e st e e bt e b e b e e sbeesaeeeateeateebeesneesanenas 91
REFERENGCES ...ttt ettt ettt h e sttt ettt e bt e sbe e s ae e e bt et e e bt e be e sme e saeeea b e ebeesbeesaeesaneeabeebeennes 93
APPENDIX A — MODEL DETAILS FOR REVISION 1 OF THE SIMULATION MODEL ....cccovvvviririieiiiiiiiiieeereeenees 96
APPENDIX B — MODEL DETAILS FOR REVISION 2 OF THE SIMULATION MODEL........ccccvvvererererirererererenenes 105
APPENDIX C = OPTIMISER DETALLS ...ttt ettt ettt et et ettt et et e e et e e e e e e eeeeeeeeeeeeeeeeeeeeeeeeeeeeesesesenenes 112
APPENDIX D — ROLES AND RESPONSIBILITIES IN THE CALIBRATION KIT DECISION ENGINE PROCESS.....114
APPENDIX E — QUALITATIVE FEEDBACK ......coittiiteiteeetteeite ettt ettt sttt et e sbe e saeesaee s s eareeneenns 116
APPENDIX F = RUN RULES ...ttt ettt ettt sttt ettt et b e s bt st st steesbeesaeesatesanesaneeabeeneenes 119

Vii



List of Figures

Figure 1 A management model for reuse CLSC [3]..iiuiiiiiiiiiieiiiiiee ettt csiree st e e sser e e e ssrre e s e sreeeessnreeeeas 2
Figure 2 BCG Global Green Consumer SUrvey 2008 [22] ......uuuiiiiiiiieriiiieeeiiieeeeiieeeesseresesssseessssseesssssseeesns 6
Figure 3 Consumers Green Purchases by Category [22].....cuuiiiiciieeeeiiiie et e e rare e e sare e e s sareeeeas 7
Figure 4 Willingness to pay a green premium [22] ... cciieeiiiiieeeecieee e ssireeessree e e ssree e e ssere e s ssasseessssseeesas 8
Figure 5 Consumers around the world define 'Green' differently [22] ......cccovireieeiieciiiiie e, 9
Figure 6 The 4 P's of Green AdVantage [22].. ...ttt e e e s te e e e e abe e e s e are e e e e nbae e e enreeas 10
Figure 7: Reusable Articles (RA): RTI, RPM and RP [2] ...ccuiiiiiiieeieeee ettt e e et 11
Figure 8: Black box approach to Simulation as devised by Kochenberger .......cccccccvvveiiiiiviiieeieciiee e, 19
Figure 9 Typical Calibration Kit ROULE SEIUCTUIE .....cccecuviieeeciieee ettt e et e e e e et e e e eareeas 22
Figure 10 CLSC with UNobServable CleAN .........oooiiii i e 24
Figure 11 TyPical Bank PrOCESS .....uviiiiciiieiiiiiee e sttt e eettee e e stte e e e stte e e e staee e e s abeeesssbeeeessbaeessaseeeesnnseeessnnseens 25
Figure 12 Days at Operation SCrEEN SNOT........ccccciiiiieiiiiee ettt e e et e e e e rre e e s e eare e e e enbeee e enreeas 29
Figure 13 Calibration Kit wait hours monitoring by Week ........coccviiiiiiiiiiice e 30
Figure 14. Interviewees, their roles and years of SEIVICE .......uivviiiiiiiiiiii e 32
Figure 15 Calibration Kit ProCess fIOW .......cc.ueeiiiiiii ittt e e et e et e e e enbe e e e e eareeas 37
FISUrE 16 INPUL DAta GrOUPS.cceeiiiiiiiiiiitteeeeeeisiittteeeeesessirtteeeeesssssasbaeeaeeesssssssseaaeeeesssssnsssenaeeeesssnssssseseeees 42
Figure 17 Example of Route detail from an operation flow and tool perspective ........cccceevveeivcieee i, 43
Figure 18 Data INpUts fOr the IMOEI ...........euviiieeeeee e et e et e et e e e e eareeas 43
Figure 19 Initial Model DeSIgN - PRAs@ L........uuiiiiiiiiieiiiieeccitie ettt e e st e e st e e e s e e s s s avae e e snbaee e enreeas 46
Figure 20 Model DeSiZN REVISION 2.......uiiiiiiiiiee et e eeitee e e sttt e e e stte e e e s tte e e e s bteeeseabeeeeenseeeseatesesanteneeennsenas 47
= U =Y W AV, Lo Yo [T I D 1T = o TSP 50
Figure 22: Principle Simulation Model BIOCKS. .........coocuiiiiiiiiiiececccee e 50
Figure 23 StatFit DiSTriDULIONS ......eiiiieeee e et e e e e e e e e abe e e s eabee e e enbaeeeenrenas 55
Figure 24 Probability density function for a normal distribution according to the standard deviation....57
Figure 25 Histogram of route showing skewed distribution ..........cccecvieiiiiiiiiiiie e, 58
Figure 26 Histogram of route showing normal distribution characteristics post log transformation........ 58
Figure 27 Chebyshev's TREOIMEM.......cc.uiiieeee e e e et e e e et e e e e abe e e s e arae e e e nteeeeennreeas 59
Figure 28 Minimization code for Fleet size determination.......ccccceeeeiiiiei e e 60
Figure 29 High Level model schematic of MOdel ...........ooviiiiiicieeeee e 61
Figure 30 Iterative Simulation Model Validation proCess......cccccueciiiieee e ccccieeeee e 62
Figure 31 Example of empirical distribUtION .......c.uviiiiiiiieicce e e 63
Figure 32 Input / Output Transformation diagram.........cc.eeeeeeeeiieeiiee et e e e et e 64
Figure 33 Online power CalCUIRtioN ......cciii i e e e e e et e e e e e e esnnrreeeees 67
Figure 34 Actual Kit Quantity Vs Proposed Minimized Kit QUantity........ccccccoeeiiiiieeeciiiee e, 68
Figure 35 Comparison between Fleet Size Calculation VS N=D/T........covieeeiieeieeeireeeeeee et 71
Figure 36 Comparison between % Difference and USage CU.......cccuveveeeeceeerieeciie e e eee e esvee e svee e 72
Figure 37 Comparison between % Difference and Arrival CU. ........oovccvieeiiiiiee e 72
Figure 38 Comparison between % Difference and Arrival Cv. .......cccuvevieiecee e 73

viii



Figure 39 Regression analysis @Xample i R.. ...ttt e s e e s e e s aree s 75

Figure 40 Final results from R linear regression analysis. .......ccccccuiieieiiiie e e e e 76
Figure 41: Optimised Simulation Fleet Size Vs Regression prediction Vs N=D/T ......ccccceeeveeevveeiveeecreeennee. 77
Figure 42 Cross Validation SCIPL .....oiu ittt st e e s s e e e s abe e e s s saree e s snbeeesenareeas 78
Figure 43 Cross Validation OULPUL @XEraCE ......ciiiciieiieiiiie ettt e e e e are e e s e are e e e e nrae e e enreeas 79
Figure 44 Actual Optimized Vs Cross Validated Predictions........ccceeeeecieeeeciieee et e 79
Figure 45 Comparison between Fleet Size Calculation VS N=D/T.....ccccievieiieiieciiecceesiee e 81
Figure 46 Regression MOl OULPUL.........cocciiiii ettt e e tre e e s e are e e e e abe e e s e atee e e enreeeeennreeas 82
Figure 47 Comparison between Fleet Size Calculation Vs N=D/T Vs Derived formula Vs Regression

Y 1=T =T o] o [P SPP 82
Figure 48 Optimised FIEET VS N=D/T..ouuii ettt ettt ettt e s te e et e e e tte e e teeetaeeeabeeebeeentaeeebeeeeanas 87
Figure 49 Optimised Simulation Fleet Size - (N = DT X 1.72) Vs ACOUV.........cccovvveveerciinciriieieeeenes 88
Figure 50. % of time spent by tools in 'Wait CK' and their respective reasons ........cccccceeevceeeiivcveeeennneen. 118
Figure 51 Visual Diagram of Kit flow in TOOIS .......coiiiiiiiiicee e et 121

List of Tables

Table 1 Example of route With OPEratioNns .........cceeieeciiiei it e e e e e s e b e e e e eareeas 23
Table 2 Module Usage Data GatheriNg.......cuuiiiiiiiiiiieee ettt e s bee e e s e e e e aba e e e e areeas 35
Table 3 Clean Data Gathering ...t e e e e e e e abe e e e eabae e e eenbeeeeennreeas 35
Table 4 RecoONditioNiNg ROULES .......oiiiiiiiieiiiiie e ccitee ettt e ettt e e e ette e e e te e e e eateeeeentreeeeesbeeeeastaeesennseneeennsenas 49
Table 5 Results of 10 replications of one route from the Calibration Kit process. .......cccccoevvveeieciveeeenneen. 65
Table 6 Model COmMPONENT DELAIIS ....c..uuiieiiiie ettt e e e e e e et e e e e enr e e e e eabaeesenbeeeeenarenas 96
Table 7 Model Component Details for REVISION 2 .........oiiiiiiei ettt et 105
Table 8 Details of the Optimiser Block included in the model.........ccccvviieiiiiiiiiiic e, 112



CHAPTER 1: INTRODUCTION

1.1 Research Motivation

The research conducted for the purposes of this thesis stems from an industrial case study. The
company from which the initial case study was drawn is a multi-national organisation in the
Electronic Devices and Information Technology sector. The Calibration kit process is one of the
key building blocks when it comes to ensuring a quality product out the back door. Calibration
kits are used every day to ensure that the machines are ready for production whether that’s after
a preventative maintenance or a qualification activity post a machine down event. The

Calibration kit process allows engineers to check critical process attributes that effect production.

Calibration kits outnumber the quantity of production units in process by up to 5 times. The
Calibration kit provision process can be considered as almost a factory within a factory. The
Calibration kit process as highlighted throughout this thesis is sometimes seen as the ‘Black
Sheep’[1] of the family and hence has less focus placed on it, that is until a lack of the appropriate
Calibration kits cause a line down or a machine to go into ‘Wait CALIBRATION KIT” mode where

guestions regarding Calibration kit management and Clean cycle time etc. come into play.

The objective of anyone working on Calibration kits is to ‘Provide the right Calibration kit, of the
right quality, at the tool, on time in a cost effective manner’. In order to ensure this high service
level is maintained there is a significant level of over investment in calibration kits hence the
reason why we have a 5:1 ratio when it comes to kits: production. It is in this area that this
research will be focused. In recent years there has been significant work completed on the
Calibration kit process from a demand and supply side, however, the key components of the
Calibration kit process and its inherent variability make defining fleet size a very difficult task.
Breaking down the Calibration kit process to its most basic of functions shows that it can be

defined as a reusable article within a closed loop supply chain; the definition of which is:

“The term reusable articles (RA) refers to products that are used multiple times by different users.

This definition implies that the use by each user is of relatively short duration (compared with



article lifetime) and does not deteriorate the product. It also implicitly states that RA require a
reconditioning process which should remain short and simple, in order to enable quick utilization

by the next user” [2]

The management issues that affect RA’s (Reusable articles) within a closed loop supply chain such
as Calibration kits include fleet size definition, control and improvement of return rate and
control and improvement of cycle time (other issues exist within the literature review such as

balance between multiple depots, however, these are not being addressed in this research).

Plan and
control
reconditioning

Balance
inventories
between

Control
and
promote

A\ articles
| rotation

Define
purchase
policies

Figure 1 A management model for reuse CLSC [3]
To date ‘pool managers’ have struggled with this aspect of RA management given the variability
that exists in the system when it comes to cycle time, quality and fleet shrinkage. The reported
methodologies for determining fleet size within an RA process have ranged from ‘rules of thumb’
to the development of optimised simulation models. However, the difficulties for real world
application of these methodologies range from inappropriate assumptions in the analytical space

to a time consuming overly complex process in the area of optimised simulation modelling.

In order to ensure an holistic view of the problem it will be necessary to consider the problem
guantitatively and qualitatively; hence a mixed method approach known as triangulation will be
adopted in this research. Qualitative data will be gathered through a range of interviews with

subject matter experts whilst quantitative data will be retrieved from the ERP system.



The primary objective for this research is to investigate and test whether it is possible to strike a
balance between the basic rules of thumbs which are easy to interpret/ apply and the area of
optimised simulation modelling which is at the upper echelons of advanced analytics but is
sometimes out of reach of a fleet size manager due to lack of time, data and expertise. To further
this objective, this thesis provides an analysis and review of what is currently being done in the
world of this industry sector regarding fleet size definition and the methodologies being

administered for reusable articles in closed loop supply chains outside of this industry.

The analytical sections of this thesis are aimed to test the hypothesis that fleet size quantities
developed as part of an optimised simulation model can be replicated adequately with a cross
industry generalizable analytical model thus enabling fleet size managers to benefit from the

application of optimized simulation modelling through an easily applicable analytical model.



CHAPTER 2: LITERATURE REVIEW

2.1 Introduction and Section Layout

The focus of this chapter is to provide the reader with a background on why the area of fleet size
modelling of a reusable article is worthy of interest and research. Section 2.2 addresses how
global and European legislation paved the way for creating an environment that made consumers
and producers aware of how products and services have impacts on the environment and
availability of natural resources; a key driver for incorporating green reusable initiatives. Section
2.3 describes what a Reusable article is and provides definitions of the different types that are
available. In section 2.4 the current problems with Reusable Articles according to research are
discussed and it is clearly demonstrated why the area of Fleet sizing is of interest and value. In
order to provide the reader with some understanding of how such fleet sizing problems for
reusable articles have been addressed in the past in section 2.5 an outline of the methodologies
used by other researchers, the motivations for such choices and critique their application is
provided. Lastly the development of a methodology will always be constrained by the era in
which it was incorporated and this has been taken into account when analyzing the opinions of

those who have gone before.

2.2 Green Legislation

In today’s economic environment an organisation’s ‘green credentials’ can be the difference
between winning and losing business. Companies, today, invest significant amounts of money in
the area of reducing their carbon footprint as a means to gain favour with an ever more aware
consumer who cares about how the raw materials were grown/sourced/created, how the end
product was produced and logistically how it was delivered to the shop from which they

purchased it.

This care/awareness, however, was not borne out of thin air; in the 1990’s global governing
bodies realised that given the level of reliance by the global economy on natural resources such

as fuel, metals, water, minerals to name a few that a problem was on the horizon. The European



commission “proclaimed that all products caused environmental degradation in some way,
whether from their manufacturing, use or disposal” [3]. In 1997 Ernst and Young were requested
to complete a report for the European Commission to determine the need for an Integrated
Product Policy (IPP) that would address the entire life cycle of a product from ‘cradle to grave’
regarding their environmental impact [4]. Prior to 1997, product policies were being introduced
in multiple countries across the EU, however, these efforts were inconsistent and caused some
concerns such as possible development of trade barriers across the EU if different countries had

different product policies and a perceived 'Lack of a level playing field’'[4]

It was evident that there was a need for a consistent European policy to negate gaps across
member states. In addition, to these concerns the idea of Europe having a competitive edge due
to the promotion of an 'environmentally superior' [4] product was very attractive. After Ernst and
Young consulted with producers and consumers a definition and framework for the IPP was
suggested; the IPP definition was to be described as a “Public Policy which explicitly aims to
modify and improve the environmental performance of product systems” The framework

around which this IPP would be built was based on the following 5 measures [4]:

1. Measures aimed at reducing and managing waste generated by the consumption of

products.

Measures targeted at the innovation of more environmentally sound products.

Measures to create markets for more environmentally-sound products.

Measures for transmitting information up and down the product chain.

A

Measures which allocate responsibility for managing the environmental burdens of

product systems.

Following on from this report the Commission adopted a communication on IPP in June 2003
promoting ‘life-cycle’ thinking when it came to environmental impact and since then it has been
followed up by numerous initiatives at both national and international levels to compliment the
endeavour such as the Environmental Impact of Products (EIPRO) which was used to determine

those products that had the greatest environmental impact throughout their life cycle and the



PEF (Product Environmental Footprint) methodology that carries out studies to measure the
environmental performance of a product throughout its life cycle. The later of these initiatives
was developed to support the Europe 2020 strategy which was kicked off in 2010 and with it a

flagship initiative to create a Resource Efficient Europe.

2.2.1 Impact of this legislation
This continued focus by Europe over almost two decades has ensured that there is now a society

where responsible manufacturing and development of products is an expectation and is seen as
a key differentiator when choosing products. This evidence can be seen in research conducted
by the Boston Consulting Group in 2008 (report published Jan. 2009) [22]where consumers were
asked ‘How does the quality of green products compare with that of conventional alternatives?’
As can be seen in Figure 2 the results of this question clearly shows that, across five major
economies, more than 35% of customers found there to be better quality whereas only between
4 and 7% deemed a negative response regarding the quality of green products.

Exhibit 8. Green Products Compare

Favorably with Conventional Products

How does the quality of green products
compare with that of conventional alternatives?

Ba [ s 41 !
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said the quality said the quality
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Sources: BCG Global Green Consumer Survey, 2008; BCG analysis.
Note: This question was asked of all respondents who indicated that
they had recently purchased green products. Data are from 1,000
responses across all countries in our survey; data from Europe are
from respondents in France, Germany, Italy, Spain, and the United
Kingdom.

Figure 2 BCG Global Green Consumer Survey 2008 [22]

Although this is encouraging news for those companies that have engaged on the roadmap to a
greener footprint and a measure of the work that government agencies have achieved in the last
few decades, the drive to purchase green across the entire spectrum of products is not evident

for all product types. For example when a consumer purchases an item of clothing versus a food



item or purchases a holiday versus a piece of electronic equipment does that consumer apply the
same level of interrogation when identifying a green provider versus a non-green provider?

Probably not and there is evidence to show that this is the case in Figure 3 and 4 below.

Exhibit 6. Consumers Vary Their Green Purchases by Product Category

Paper and packaged products
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Sources: BCG Global Green Consumer Survey, 2008; BCG analysis.
Note: Percentages do not total 100 because of rounding. To calculate percentages for each product category, we averaged results across various

products.

Figure 3 Consumers Green Purchases by Category [22]



Exhibit 9. Consumers’ Willingness to Pay a Green Premium Depends on a Product’s
Category and Perceived Benefits

Per of g buyers willing to pay at least
10 percent more for green products in the category
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Sources: BCG Global Green Consumer Survey, 2008; BCG analysis.
Note: Data are from 1,000 responses across all countries in our survey.

Figure 4 Willingness to pay a green premium [22]
The BCG analysis looked at the percentage of people who bought green items and assigned them

to one of four categories based on their response:

1. Respondents who have never bought green.

2. Respondents who bought green in the past but do not currently buy green.
3. Respondents who sometimes buy green.
4

Respondents who systematically buy green.

In product categories such as paper and packaged products, disposable products for the home
and fresh meat and vegetables we see a high level of ‘sometimes buy green’ and ‘systematically
buy green’. However, when it comes to product categories like clothes, travel and financial
services consumers tend to ignore this aspect as there are high levels of ‘never bought green’ and
‘bought green in the past but do not currently buy green’. Is this because there is very little
communication about the green credentials of a bank or airline? Is it because consumers don’t

care? Or is it because the efforts in reform by government bodies have been predominantly in



the area of Manufacturing? All of these hypotheses perhaps warrant testing, however, the
perception of what makes something green varies quite differently when compared and

contrasted across the world as illustrated by Figure 5 below:

Exhibit 4. Consumers Around the World Define Green Differently

What are green products?

Products that can be recycled or reused W= ts7 =
Products that generate less pollution in their production or use L_E/) [:1:1 90 §l
Products that are made of recycled materials ) [:j:] 84 =
Products that are produced in an eco-friendly way ®l68 o1 I
Products that consume less energy in their production or use i [:t:) 815
Products that involve less packaging o7 —isoll
Products that have a smaller carbon footprint ] 60[::] g il
Products that are made of natural or organic materials . 57 [’:I: s2 il
Products that are made of fewer matenals : 44 1:1:1 g1l
Products that are certified as green o ss[j————I7s il
Products that use innovative technology Esmmmmm7: il
Products that are not tested on animals @ 23] | 163l il
Products that are made under fair-trade conditions oo M
Products that are produced locally s [:I: s4 il
Products that are handmade N, 47 (e

0 10 20 30 40 S0 60 70 80 90 100
Percentage of respondents who

agreed or strongly agreed
Country with the lowest = Country with the highest
percentage of respondents ~— XX :t:| XX percentage of respondents
who agreed \ who agreed

Percentage of all respondents

Sources: BCG Global Green Consumer Survey, 2008; BCG analysis.
Note: Data are from 1,000 responses across all countries in our survey.

Figure 5 Consumers around the world define 'Green' differently [22]

As can be seen from the graphical interpretation of the analysis in Figure 5, taking the five major

economies once again, the most widely recognised attribute of ‘green’ is:
1. Products that can be recycled or reused.
Followed closely by:

2. Products that generate less pollution in their production or use.
3. Products that are made of recycled materials.

4. Products that are produced in an eco-friendly way.



Consideration of this analysis provides every manufacturer or service provider with a ‘blueprint’
of what is required if they want to develop a green offering. However, such a development needs
to be managed within a defined structure to ensure a holistic approach is taken. The Four P’s (see
Figure 6 below) is one of those structures and identifies the key areas to focus on such as
Planning, Promotion, Products and lastly Processes which is specifically concerned with ‘Reducing
waste in operations’ and encouraging others (suppliers) to operate in a green way. It is in this
area that the area of reusable article minimization can be primarily viewed as a key contributor.
A manufacturer that has a methodology whereby they can optimise the quantity of reusable
articles required (such as pallets, cylinders, trolleys, calibration kits) can in turn reduce the waste
in their operations. This is the area where this research is focused; the. optimisation of the safety

stocks of reusable articles and can be used to drive these key deliverables.

Exhibit 2. The Four Ps of Green Advantage Employ a Holistic Approach

Across the Value Chain
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Figure 6 The 4 P's of Green Advantage [22]

2.3 What are Reusable Articles

The term Reusable Article was first proposed by Carrasco-Gallego et al. [2]; the aim of such a
proposition was “To define the reusable articles term and to build a typology for them, identifying

similarities and differences between the different categories” [2]. The combination of these
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classes allowed for the proliferation and transference of results obtained for one type of RA to
the other types. This is of extreme benefit when one looks at the uneven spread of academic

research completed across the different categories to date.

According to [1] an RA “refers to products that are used multiple times by different users”; by its
definition alone an RA can be thought of as a product whose use is short when compared to the
entire lifecycle of the product itself. Given that this product will be used by multiple different
users the expectation is that the use of such an article does not deteriorate the product beyond
a state where a simple short reconditioning activity cannot bring it back to a reusable state and

make it unrecognizable from a brand new equivalent product.

2.3.1 The Reusable Article Types
The typology developed by [1] identifies 3 categories of RA.

1. Returnable Transportation Items (RTI)
2. Returnable Packaging Materials (RPM)
3. Reusable Products (RP)

RTI

REUSABLE
RPM ARTICLES RP

Figure 7: Reusable Articles (RA): RTI, RPM and RP [2]
In order to fully understand what an RA is, it is useful to demonstrate some simple examples of
items that fall into these relevant categories. Returnable Transportation Items (RTI) which can
be described as “secondary and tertiary packaging materials which are used for assembling goods
in material handling and transportation in the supply chain and then returned for further usage”
[2] can include pallets, railcars, crates, and totes. Looking at these examples it is clear why the
terms tertiary and secondary are used as these items don’t come into direct contact with the

product that is consumed by the customer at the end of the line.
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Reusable Packaging Materials (RPM) refers to packaging that is in direct contact with the product
such as glass bottles, gas cylinders, and beer kegs, for example. this packaging can be referred to

as primary packaging.

Lastly we have reusable products (RP) which as the term states are products that are reused
multiple times and, to be clear, by multiple different users; examples of such products include
wheelchairs, surgical equipment, library books, rental videos, and service tools. It is in this
category that the specific articles investigated in this research fall. However, given the similar
logistical characteristics across the entire RA topology it is possible to derive learnings from the

other groups also which was the intention of Carrasco-Gallego et al. [2] in the first instance.

2.4 Problems with the management of RA’s

The main function for inventory management of any item in a supply chain is to ensure that the
organisation has enough on-hand to meet demand allowing for the inherent variability in their
system but not too much as it ties up capital in stock and warehouse costs that could be used for
investment in other parts of the business. RA’s are no different from this perspective, however,
there are additional complexities in a closed loop process. For example, the fact that the efficient
and effective management of reusable articles is heavily reliant on return rates; how quickly
reusable stock returns to stockpoint and secondly the quality/state in which they are returned
both of which are very difficult to manage due to the variation in behavioural standards of the

customers of the RA.

Through the in-depth research that Carrasco-Gallego et al. [2] has carried out they have identified

five main issues when it comes to managing a closed loop supply chain.

1. Defining the Fleet size dimension.

e This is a problem for reusable articles from a customer satisfaction perspective
and tied up capital. If the fleet size is not sufficiently large fleet size the RA process
will not able to meet demand, resulting in unhappy customers and lost business.
If the fleet size is too big it means that the RA process is unnecessarily tying up

capital in stock which could be used elsewhere.
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2. Control and prevent Fleet shrinkage.
e Fleet shrinkage is a phenomenon that occurs when the fleet reduces in size over
a period of time. This can occur due to three main reasons:
i. Quality — Irreparably damaged.
ii. Structural — Stolen or resold.
iii. Incidental — Lost by a 3 party.
3. Define purchase policies for new articles.
e This is an issue when trying to understand at what point in time does a reusable
article go from ‘In Use’ to ‘Lost’ and so trigger a new purchase.
4. Plan and control reconditioning activities.
e When planning for the correct/appropriate fleet size there is a need to understand
how the reconditioning portion of the process is being planned and managed.
e This aspect feeds directly into the fleet sizing model and so an understanding of
the cycle times involved in reconditioning need to be well understood.
5. Balance Inventory between depots.
e Thisis anissue when RA’s don’t need to return to the original depot that released
them. In such a scenario there will be a need to ensure that the balance of load

across the supply chain is appropriate.

The research presented in this thesis will focus on ‘Defining the Fleet size dimension’ as it is the
most relevant problem to the sponsoring organisation who currently lack the ability to
analytically define appropriate fleet sizes for RAs and rely heavily on tacit knowledge of the

personnel assigned to this role.

2.4.1 Defining the Fleet size dimension
Defining the fleet size dimension is vitally important when trying to ensure a functioning, well-

oiled operation; it is very easy to ‘sandbag’ and invest a significant amount of capital in order to
prevent a lines down situation. However, as stated before this can result in tying up capital in
stock and incurring holding costs. The difficulty when addressing the fleet sizing problem is the
variability within a system;[2] suggests that the fleet sizing question is a ‘function of two

variables, demand and cycle time’. Given that these variables are stochastic in nature it has been
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suggested by [2] that a way to combat this is through the addition of safety stock factors. This is
a blunt tool to use when in fact the use of some elegant advanced analytic tools could allow an
RA manager to determine appropriate levels based on the characteristics of the variation
inherent in demand and cycle time. At the time of writing [2] did note the difficulty in tracking
the RA’s and in turn gathering and analysing data about cycle time and so this may be the reason
why the ‘Safety factor’ angle was taken as a preferred option. In the period since publication of
their article tracking technologies such as RFID has become more affordable, reliable and robust

which opens the way for advanced analytics.

2.5 Methodologies used to calculate Fleet Size

The methodologies to calculate fleet size have largely been dictated over the years by certain
motivations and technology limitations. When studying the literature around fleet size
calculation it can be surprising, at first, the number of researchers that are motivated to apply
those methodologies that sacrifice ability to apply real world criteria in exchange for analytical
models such as queuing theory, linear programming and optimisation techniques which drive
gross assumptions and limits the application to real world settings. For example, Ingals et al. [5]
identified problems that had to be reduced to problems that were ‘simple, usually single product,
single stage, just to make the problem tractable’. Other examples of analytical work include Roy
et al [7] who modelled fleet size using a server queuing construct. There is also a body of work in
the Automated Guided Vehicle (AGV) research literature that aims to determine fleet size
through analytical models such, Min et al [8], Hung et al [9] and Rajotia et al [10]. Turnquist et al
[11] also aimed to develop an analytical model for fleet size determination that can be used
across various reusable shipping containers and material handling equipment. In addition to
these analytical models there are environments where rules of thumb or very simplistic
deterministic formulae are used to identify fleet size estimation such as Bryson [12] who
describes that the quantity of kegs required for every tap in a retail establishment is 7 or
Carrasco-Gallego et al. [13] who develops formula that accounts for average demand (D) during
time t, average number of times (T) the fleet item is used during time t and adds on a safety

factor to account for variability in demand (5d) and cycle time (Sct) (see Equation 1)
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D
N = 7(1 + Sd)(1+ Sct)
Equation 1

The use of such methodical approaches is ‘surprising’ as the problems that are being dealt with
are not small by any means from a capital investment perspective. The reusable articles that have
been reviewed as part of this research have shown to cost millions in investment, such as the keg
example above who use a rule of thumb as their guide could with an average distribution network
require an investment of $500,000. Other examples include the analysis completed by
Koenigsberg [6] who used queuing models to determine the performance of a fleet of liquid
natural gas vessels that in 1974 cost $90 to $120 million each. Carrasco-Gallego et al. [2] have
through their research identified further examples of large investment, such as a multinational
chemical company who invested €2 million in one line of gas cylinders, a petrochemical company
who invested €600 million in LPG cylinders, an OEM (Original Equipment Manufacturer) whose
stocks levels of spare parts/service tools whose number could not be exactly quoted but runs
into the millions and lastly Flora Holland who have invested in a fleet of carts worth an estimated
€30 million. In industries such as food and drink or oil refining the unit cost of an individual
reusable article (for example Beer Keg =5100, LPG cylinder =€20, Flora cart =€500) is not large,
resulting in an impression across the organisation that management of RAs is not an important
issue. However, when these costs are considered collectively as illustrated by the above cases

the true importance of RA fleet management is exposed.

This poses the question then as to why it is an issue for researchers and industrial practitioners
to invest RA fleet management strategies and policies in particular the fleet sizing problem, in a
more expensive model such as discrete event simulation. Especially when the return on
investment is greater and the risk of not getting the fleet size correct even greater again regarding
losing customers through stock outs or an inability to invest in marketing or human resources
because of capital being tied up. Through the research | have completed speed of turnaround
can be an issue; advanced techniques such as simulation can be relatively data heavy leading to
long model development, execution and analysis times. For example in the AGV field researchers

have quoted the complex nature of applying simulation studies to the AGV sector and stated
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them as being a “time-consuming process” [9]. In addition to the time taken to develop such a
model let’s look at the problems being analysed, is there a reason for wanting to develop a
simpler analytical model for future use? Firstly looking at these problems from a frequency
perspective they are not likely to change on a daily basis. Fleet size calculations for liquid natural
gas vessels, gas cylinders, carts etc. are not decisions made on a weekly basis they are in fact
predominantly strategic decisions possibly requiring a yearly review at most, hence, the ability to
be able to analyse these problems quickly using simplistic solutions does not appear to have a
huge advantage. However, given the perception of how complex and time consuming discrete
event simulation modelling projects are to undertake, even a yearly review may force people
down the analytical route; for example Byrne et al. [14] states that simulation models are often
created with the intention of being “one off projects that are not maintained beyond the initial
analysis”. This is an opinion held by many and dates back to the early 1970’s when Koenigsberg
[6] commented on how the simulation structure was ‘complex’ and ‘costly’. As can be seen from
more recent publications such as Min et al [8] and Hung et al [9] simulation modelling is still seen
as being reported as time consuming and so analytical models have been preferred in these
situations. There is no doubt that simulation is indeed a time consuming process given the data
heavy environment in which it works, however, it must be argued that given the nature of the
level of investment involved in the majority of these projects that the risk to take a less
comprehensive approach from the start may not be wise if steps to validate the analytical output

with a simulation model afterwards are not taken.

This reflection, therefore, possess the central hypotheses for this research in this thesis that the
ideal approach methodological approach to investigating and resolving industrial scale RA fleet

sizing problems is to:

1. Spend the time to develop a discrete event simulation which will act as your reference
point.
2. Develop an equivalent analytical model that can adequately and robustly replicate the

answers from the simulation output.
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Why is it worth defending the position of an advanced analytical technique such as discrete event
simulation? Is it really worth the time, cost and effort to invest in such a method? The literature
read as part of this research would suggest so; even those researchers that are promoting
analytical methods through their research are trying to compare and imitate the output of an
equivalent simulation model; as the saying goes ‘Imitation is the sincerest form of flattery’. In
1974, Koenigsberg et al [6] used analytic cyclic queuing models to determine performance
measures for a fleet of liquid natural gas vessels and, importantly, the motivation for this work
was to “reduce the need for costly simulation in the evaluation of fleet performance” such as
those which had been used and documented four years earlier by Kaplan et al. [23]. Kaplan’s
work involved taking into account variables such as weather, maintenance schedules, load and
unload storage availability etc. items that would now appear as the norm but at the time probably
seemed like an expensive exercise. Throughout the Koenigsberg paper, the performance
measure for evaluation of efficiency and effectiveness of the proposed analytical methodology is
by comparison with the results from Kaplan’s simulation study. Therefore, despite the
motivations of Koenigsberg et al. to provide an alternative analytical modelling approach, it is
clear that they placed value, merit and trust in a simulation model. Further examples from Min
et al. [8] Hung et al. [9] and Rajotia et al. [10] show the practice of using simulation model output
as the basis for measuring the performance of their analytical models. Indeed, as highlighted
above, a route for many researchers in the initial stages is to build/reference a simulation model

of the actual problem and then replicate the output utilising an analytical technique.

So are there any drawbacks to the analytical methodologies being developed versus a purely
discrete event simulation modelling approach? The literature on Linear Programming offers a
starting point to answer this question. Linear programming is the most commonly compared
analytical methodology optimisation. Ingalls [5] provides an interesting view stating that “the
plan that an optimization gives you may be a good one, but it is wrong”. The reason for making
such a statement is based on the fact that optimisation is inherently poor when operating within
a stochastic environment. The optimization of a problem is based off of assumptions that are
true at one point in time, however, once the system moves away from that point in time the

assumptions have already changed, e.g. demand has changed, cost of material has changed, how
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the material is being delivered will have changed, in essence changing the results of the optimal
solution. As outlined by Kochenberger et al. [15] “optimization by itself provides an excellent
method to select the best element in terms of some system performance criteria, from some set
of available alternatives, in the absence of uncertainty”. However, such an environment does not
exist in the ‘real world’ as outlined by Dan Gilmore [16] of Supply Chain Digest who points out
the fact that for optimization there is a requirement to fix demand over a specific time frame; in
the real world this is not how demand performs and although an additional analysis with a new
demand can be run “optimization in general is not good at handling highly variable demand or

input systems”.

On the other hand Simulation excels in complex, highly variable environments where the
required output from the model is a robust evaluation. Ingalls et al. [5] outlines a number of
situations where simulation is the better tool when compared against optimization; such as
occasions where there is a need to evaluate rule based systems, he states that these types of
problems are “too complicated to optimize”, where as “Simulation is an excellent tool to evaluate
the effectiveness of a given rule”. They also states that variance is “the primary reason for using
simulation over optimization”. Within the simulation environment any process can be
characterised with an appropriate fitted distribution to describe the variance in the system where
as “optimization will not capture supply chain dynamics” where variance is evident. Lastly Ingalls
et al. [5] highlights that management when assessing problems don’t want the most optimal
solution they want the most robust solution; the solution that can deal with all the variances in
a given system. They state that for management an “optimal supply chain is robust” and “only
through simulation would you be able to identify the most robust solution”. Other researchers
have also outlined the value of utilising simulation in a supply chain environment such as Wang
et al. [17] who comments on how the use of simulation enables “significant improvements in
lowering inventory costs” and Chang et al. [18] who highlight how the ability to be able to plan
and test scenarios in the supply chain before implementing a project is now becoming a necessity
for supply chain management. However, as outlined by [15] simulation is excellent at building a

“representation of a complex system in order to better understand the uncertainty in the systems
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performance” but when it comes to solution analysis, even in a relatively simple model, the ability

to be able to test all permutations is almost impossible.

What if we were to take the best of both methodologies? This is known as Optimised Simulation
and as demonstrated by Chang et al [19] and Kochenberger et al [15] is superior when compared
against Optimisation and Simulation individually. An optimised simulation model is made up of
two distinct pieces; a Simulation Model and an Optimization model. The analyst models the logic
of the system as s/he would normally do through a simulation exercise taking account of input
parameters that will be available to act as levers when it comes to building the optimisation
model itself. As stated before, when a system is complex in nature a trial and error approach in
order to determine the best solution rarely yields a successful result and so this is why the
implementation of an optimisation algorithm is required for guidance. Kochenberger et al. [15]
treats the simulation block as a ‘black box’ which in theory it is as all the analyst is interested in

is the “evaluation of performance from the simulation” (see Figure 8).

Optimizer |[€—
Input Responses
Parameters (System Performance)
Simulation
—
Model

Figure 8: Black box approach to Simulation as devised by Kochenberger

The approach taken by this setup is that the optimiser takes a set of input variables that are

bounded by minimum and maximum possibilities to insert into the simulation model. The
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simulation model is then run with these input parameters after which the results of the
simulation model are evaluated. The results of such an evaluation are recorded after which the
next scenario of input parameters is inserted and evaluated. The model continues to loop
through this cycle until a set of criteria are met regarding maximum run time or convergence of

results at a certain percentage level.

The application of Simulation and Optimization methodologies allows for the development of a
powerful framework that utilises the strength in both; from optimisation the analyst has a
technique that can select the best answer available whilst building the logic of the problem in
simulation allows the analyst to take account of any variability that may exist in the system. In a
world where variability exists everywhere and there’s a necessity to identify the best solution as

quickly as possible optimised simulation is quickly becoming the tool of choice.

One of the main motivations for developing analytical models is to provide a solution that can
replicate that of the simulation model and reduce the complexity and data requirements
generated by such a development. Following in the footsteps of Koenigsberg it is now necessary
to identify an efficient method to replicate the output from an Optimised Simulation approach.
If successful it would greatly reduce complexity, data and run time in order to address the
hypothesis postulated earlier that industrial scale RA fleet sizing problems can be addressed with
a level of accuracy approaching that of simulation modelling and the effort and timeliness of

analytical modelling through a hybrid simulation, analytical modelling approach.
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CHAPTER 3: PROBLEM DEFINITION AND
METHODOLOGY DEVELOPMENT

3.1 Introduction and Section Layout

Chapter 3 is about setting the scene for the reader, highlighting the issues, looking at the data
gathered and describing the development of the methodology that will attempt to add to the
knowledge around fleet sizing in a reusable article environment. Section 3.2 will provide an
overall view of the Calibration Kit, its uses and current management structures. Section 3.3 will
detail the systems that are in place to monitor calibration kit usage and the algorithms which
trigger actions in the current process flow. Section 3.4 will describe the research methodology
that was implemented and the reasons for incorporating this method. Section 3.5 will detail how
the data was gathered and the processes involved in ensuring a rounded non-biased
investigation. Lastly section 3.6 will provide a detailed description of the methodology outlining

its inputs, processes and outputs, how it was developed and how it should be used.

3.2 What are Calibration kits?

To understand the problem the reader must first have a good understanding of the Calibration
kit process which includes a description of what Calibration kits are, the management structures
within which they live, a detailed description of the cradle to grave process. So what are
Calibration kits? At their most basic level they are used to monitor specific parameters within the
production facility that enable the production team to have better confidence in the quality of
the process. Calibration kits are sourced from multiple vendors globally and for this reason can

sometimes vary in quality; hence all kits are inspected prior to use.

Calibration kits, as can be seen from Figure 9, enter the process via a route structure; this means
that calibration kits get locked into routes that are module and test specific; this is primarily
driven by a cost focus, i.e. it places the emphasis of purchasing the calibration kit on the module

itself as a means to drive responsibility for costs incurred for calibration kit usage. As will be
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demonstrated later, this system creates an environment that is counter-productive to ensuring

an efficient calibration kit process.
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Figure 9 Typical Calibration kit Route Structure

A route can be described as a particular set of operations that the calibration kit must pass
through in order to ensure its readiness. Each route has been designed in such a way to account
for where the calibration kit has been and where it’s going. For example some routes have pre-
processing steps (5%) such as an extra cleaning step that prepares it for use. Once the calibration
kit has come through the pre-processing step or straight out of starts, if no pre-processing step
exists, it will enter a CKR state (Calibration Kit Ready). The calibration kit will stay in this state
until a module requires it; once the module calls the kit it will move into a CKI state (Calibration

Kit In-use).

The Calibration kit will stay in the CKI state until the kit is processed out of the module area.
Ideally this should happen once the kit has been used. However as will be shown later on, this
does not happen in many cases and the knock on effects for calibration kit management can be
quite serious. The purpose of the kits and ‘health’ of the area will determine the consumption
rate of kits; this is susceptible to large variation and, hence, adds to the management complexity

of such an RA.

Once processed out of the CKl operation the kit will be either scrapped as it may be a one-time
use or it may be sent to Clean where it will be cleaned and brought back to a reusable state before

entering the CKR state again; 80% of routes fall into the latter option.
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Table 1 Example of route with operations

Order Operation Description
1 9050 Start
2 6770 Clean Step 1
3 6790 Clean Step 2
4 8880 CKR
5 8890 CKI

As can be seen from Figure 9 those Calibration kits that can be re-used follow a cyclical pattern

where after being used they can go to:

1. ‘Clean’ for cleaning and returning back into the route they came from for module re-use.

2. ‘Bank’ where they are relieved of their route constraint but must hold within their
contamination group. This relief of route constraint means that any other module that is
allowed to pull from the calibration kit’s designated contamination level can do so.

3. ‘Reclaim’ where kits are sent off site for cleaning; these kits are not tied to any

contamination level and can be assigned to any route once brought back in house.

There are trigger points regarding usage that will determine which of the three routes the

calibration kit will take.

3.2.1 The Clean Process

The cleaning aspect of this process is a key characteristic when it comes to the Calibration kit
fitting within the typology of a ‘Reusable Article’ grouping. The expectation is that once through
clean, which is typically short and relatively inexpensive; the article is fit for use for the next
customer. Given the high volume of calibration kit’s in the organisation sponsoring this research,
management have identified the economic benefits of having the clean process running in house
versus sending to outside vendors. For the purposes of this study this also negates an issue

commonly seen in a Closed Loop Supply Chain (CLSC) studies where parts of the process are

unobservable which can increase management complexity.
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Figure 10 CLSC with unobservable clean

The clean process is specific to each route; the options available to a calibration kit when it comes
to clean are numerous and are derived by the engineering team. These options are made
available through the dedication of machines to the clean process within the facility; there are
some exceptions where calibration kits will compete for machine time with production items,
however, these are in the minority. The clean process can be made up of any combination of
these offerings; these combinations have been carefully designed to ensure the calibration kit

once through the operations is fit for use.

Calibration kits circulate this clean process for a prescribed period of time after which the
calibration kit will be moved onto another route, into the bank or offsite for reclaim. The number
of times a calibration kit can traverse a particular route is very much route and test dependent

and varies throughout.

3.2.2 The Bank Process
Calibration kits that enter the bank may need to be cleaned in Clean; the Calibration kits that

don’t require this step go straight to the bank at the end of the route flow assuming all other
criteria regarding usage etc. is met. The bank works on a FIFO rule in order to avoid a scenario

where the bank contains stagnant inventory. Once the Calibration kits enter the bank they
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become the property of the Calibration Kit Group; this is the group responsible for starting kits
into the facility; all other Calibration kits belong to the module teams. A typical Bank process is

illustrated in Figure 11.

Kit enters facility and
isused in Op Type 1

Post Op Type 1 kits
aresent to Op Type 2
bank

Kit held in Op Type 3

Kit held in Op Type 2
bank until needed

Post Op Type 2 kits

Kit used in Op Type 2

bank until needed are sent to Op Type 3
bank
Kit used in Op Type 3 Used Kit sent to

reclaim/scrap.

Figure 11 Typical Bank Process
The bank is broken up into five different contamination levels and depending on where the
Calibration kit has arrived from will determine what level it enters; this is to ensure that once the
Calibration kits are released from these banks by the Calibration kit Group that no cross
contamination occurs. Bank kits are regarded as a great opportunity for saving the company
money; although they are not regarded as a high standard kit there is more value seen in keeping
the Calibration kits and reusing them for a limited purpose than selling them to an outside
company. No cost is generally associated with having kits in a bank, however, as will be shown
later, this is a misconception given the storage and cleaning costs required when using a

Calibration kit of any grade.
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3.2.3 The Reclaim Process
As seen in the previous section, kits cycle through a bank process until they reach a point where

they are sent to a third party vendor for reclaim. This process results in the removal of any
contaminants. Before sending the kits back to the customer they are cleaned and checked for
particle counts on the surface to ensure they match customer specifications. The kit that returns

post this process has the same functionality as that of a new Calibration kit.

3.2.4 Roles and Responsibilities
This process has to be managed by various personnel such as the MT Calibration kit coordinator,

MT Calibration kit coordinator’s supervisor and shift manager. To aid the running of the
Calibration kit process a web based system has been put in place called the ‘Calibration Kit
Decision Engine’ (CKDE). This system will be explained in more detail later on when the current
methodology for determining appropriate calibration kit numbers is described; however in this
section it’s important to understand the level of human activity and cooperation currently
required in ensuring the calibration kit process works as it should. Appendix 9 is an extract

detailing roles and responsibilities from the calibration kit training manual.

As can be seen from the appendix there is a lot of focus placed on ensuring the Calibration kit
process is given full attention all the way from MT to Shift Manager; as part of this research how

such a process works in reality and how it can be improved will be investigated.

3.3 Calibration Kit Management Systems

There are many systems regarding the controlled movement of Calibration kits, however, the
two that are being addressed as part of this research is the system that is used to prioritise and
drive the Calibration kit process through Clean; The Calibration Kit Decision Engine (CKDE) and

the KIT report (Kit Inventory Tracking) which is used for tracking usable inventory.

3.3.1 Calibration Kit Decision Engine
The CKDE was introduced as a means to provide a forward looking system that incorporated

consumption rates and replenish times. A key differentiator for the CKDE versus historical
systems is its incorporation and monitoring of a dynamic consumption pattern for each route;

this is achieved via measuring 4 day and 30 day rolling averages of Calibration kit consumption
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through the CKR operation; the highest of which is used in the following formula to calculate a

Days of Inventory number (DOI)

Good inventory . .
DOI = - time to replenish
usage rate

Equation 2

The Good inventory in the formula can be described as kits that are located at CKR plus CKI.

e Usage Rate is the highest average consumption rate between the 4 and 30 day rolling
period.
e Time to replenish represents the time it takes to get Calibration kits through the clean

process.

In the example below there are 100 Calibration kits between CKR and CKI; the worst case usage
rate is 10 kits per day; and the time it currently takes to get these kits through the clean process

is 3 days. The result from this particular calculation is that this route has 7 days of inventory.

Example:

CKR CKI Use Replen
(2 + % 1 1Y) - & = [ Days of Inventory

It is this DOl number that is used to prioritise what work should be expedited through the clean
process first, e.g. those with the lower days of inventory being run first. This methodology has
proven hugely successful and resulted in the standardisation of what was a complex system;
reduced the amount of Wait CK downtime; identified areas that were significantly over inventory
which could be eliminated thus freeing up storage resources and reduced the level of micro

management and human input that was required to keep the system operating.

However, the system can be improved further by addressing certain aspects of the DOI formula.
Its success in achieving what has been outlined above is largely down to its simplicity; easy to
understand, easy to compute and easily transferrable to any route/technology. What it does

sacrifice for this simplicity is the exclusion of variability and visibility of kit status.
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Good Inventory is characterised by the addition of CKR and CKI; it’s absolutely acceptable to
assume that those kits in the CKR state are Good Inventory as they are sitting in an operation
post clean/starts and are ready to be used by the module. CKI kits on the other hand are kits that
are being used by the Module and the assumption being made by the DOI formula is that these
are Good Inventory. In fact these Calibration kits could already be used and simply have not been
processed through to clean; a common example of poor Calibration kit management as has been
shown through previous investigations within the facility. In the example above there is a
relatively low quantity of kits sitting in CKI. However imagine if the Good Inventory categories
were reversed with CKR=25 and CKI=75 with 50 of the CKI already used; the formula is not

sensitive to such idiosyncrasies.

The next aspect of the DOI formula is the Usage figure; this number is defined as the highest
number of a 30 day or 4 day rolling average figure. In the case of the usage figure the company
are at least including a short and long term view, however, they are still not capturing the
variability around the 4 day and 30 day usage which leaves the calculation susceptible and blind
to the actual characteristics surrounding the consumption of the calibration kits. For example,
what if a spike in usage occurs due to a ‘kit heavy’ scheduled preventative maintenance; this will
automatically cause the 4 day average to increase dramatically and continue to drive increased
focus on this route over an extended period of time resulting in wasted efforts and mismanaged

resources.

Lastly the replenish variable which represents the time taken to clean the calibration kit and get
it back into the resource pool ready for reuse again uses a static number. As per before this
method of determining time to replenish is not sensitive to the variability around a process that
contains high levels of variability due to the requirement to sometimes share resources with
production and deal with large dumps of kits due to mismanagement of kits in the modules. For
example should a process have a highly variable replenishment rate with a 95% confidence
interval of between 2 and 6 days on the occasions where the process runs at the higher the facility
could realistically go ‘lines down’ for a Wait Calibration Kit event or worse again drive the

purchase of new kits.
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3.3.2 Calibration Kit Monitoring System
The second method currently being used for the management of the calibration kits is a

monitoring system that details what operation the kits are in, ( e.g. In use, ready, specific clean
stage) and their DAO (Days At Operation — see Figure 12). This allows the CK management team
to determine and characterise how the modules are managing their CK resources. For example,
in one of the reports made available by the CK management team to this study a route was
highlighted that had been designated as a priority 1. This route was demanding a lot of resources
in order to ensure there was no Wait CK event incurred. However, on closer inspection of the
report it was pointed out that the DAO (Days at Operation) figures for a substantial quantity of
the kits where very similar (see Figure 12) which highlighted the fact that the kits were used, not
moved through the process after their use and when it was evident they were running out they
were simply moved through all the kits in one go thus causing a dump into the clean process and

a potential for forced purchase of new kits or a Wait CK status.

DAO|Held TW Hold|Stores|Use Limit
03 |N N 1

62 |N

N
N

N 1
0.1 |t I¥) 1

Figure 12 Days at Operation screen shot
This report provides the organisation with not only tracking of the kits and their status, but also
a measure of how the modules are managing their TW’s. At the time of performing this research
the report was driving a ‘calibration kit bootcamp’ whose main purpose was to educate the
modules on how to manage the kits, however, uptake was less than satisfactory and points to

possibly the level of priority which is given to a process that obviously needs major attention.
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Figure 13 Calibration Kit wait hours monitoring by week

3.4 Research Methodology

The goal for the output of this research was to develop a methodology that would address all
aspects of the fleet sizing problems for reusable articles and be generalizable across different
industry sectors. To view the problem holistically it was necessary to consider it quantitatively

and qualitatively; hence a mixed method approach was adopted in this research.

The mixed method selected was ‘triangulation’ with a specific flavour known as ‘between
methods’; a term that was coined by Denzen as highlighted by Jick [20]. The idea is that through
this methodology the researcher will use two or more distinct methods that the researcher hopes
are congruent and yield comparable results when examining the same dimension of a research

problem.

The dimension of this research problem was the current procedures and processes being used
when defining a fleet size dimension for a reusable article and clearly understanding the
problems being experienced. From a qualitative perspective it was decided to carry out
surveys/interviews with a cohort of people who had daily interactions, use and intimate

knowledge of the journey with which the process had evolved and matured.

Quantitatively, access to the management systems for the calibration kits plus data from the ERP
system was provided by the company allowing process mapping to be conducted on how the
calibration kits flowed, analysing time stamps and obtaining a general objective understanding

of the efficiency of the process. This allowed for cross-validation of what was being learned as
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part of the survey process and gave confidence that a similar picture was being seen through

both lenses.

Lastly in order to test for cross industry generalization the model derived with the sponsor
company would be applied to a problem from a medical device company whose raw data was

available from a previous project.

3.5 Data Gathering

3.5.1 Qualitative Data Gathering

A key part of this research involved sitting with people who knew the process best. These were
people who had been working within the constraints of the current system; people who had
strong opinions on what worked and what didn’t; people who had actively tried to make the
system better by implementing projects that had received worldwide commendation. The

objectives for each meeting were simply to:

1. Attain a better understanding of the Calibration kit process.
2. Document issues perceived by those who knew the area best.

3. Use these findings plus the literature review to define a focused problem statement.

As part of this research the problem statement was investigated with seven employees whose
combined experience amounted to 114 years. The group was made up of two Calibration kit
owners who worked in the Calibration Kit Group and are responsible for ensuring the Calibration
kit process runs as smoothly as possible; this ranged from organising the starting of the relevant
Calibration kits to monitoring/enforcing module management of Calibration kits. The group also
included two clean engineers who are machine owners for the equipment responsible for
carrying out the reconditioning of the kits post module usage. The clean engineers are
responsible for ensuring the machines are running optimally and are available for processing
Calibration kits when they arrive from the module areas. Further, the group consisted of two area
managers who were responsible for managing the people working in the clean process and
ensuring the area metrics were being met, ensuring that tools were logged into ‘Wait Calibration

kit as little as possible and that the availability and cycle time of kits did not in any way effect the
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running of production. The last member of the group was the organisation’s ‘Calibration kit
expert’; this is not the official title of this employee, however, they represent the greatest body
of knowledge regarding the Calibration kit process. This person worked on improvement projects
to the Calibration kit process for the last 4-5 years which has culminated in the stripping back and
rebuilding of the process itself. These efforts have made significant improvements from a

visibility and inventory reduction perspective.

CK Owner—21

CK Expert — 18 years service
years service

Clean Engineer—
10 years service

Clean Engineer—
CK Manager —11 14 years service

years service

~ CK Owner—20
" years service

CK Manager —20
years service

Figure 14. Interviewees, their roles and years of service

For anonymity reasons the interviewees are referred to as 11, 12.....17 and there was no particular
order to the interviewee’s schedule. Appendix E is a summary of the feedback from each of the

seven interviewees.

Post the interview process it was possible to break the feedback into 2 categories:

1. Problems with current process.
2. Wish list characteristics for new methodology.

In Category 1 the following items were the most evident:

e Calibration kit Mismanagement.
e No feed strategies for different areas.

32



e Hard coded rules causing increase in inventory.
e Cycle Time not being monitored for entire flow.

Whilst, in Category 2 the following items were the most evident:

e Minimize Calibration kit inventory.

e Incorporation of variability to reflect reality.
e Easily transferrable to other technologies.

e Provide an experimental platform.

3.5.2 Quantitative Data Gathering
The Quantitative data gathered came from multiple sources ranging from the web based front

end interfaces where data had to be visually interpreted and extracted for analysis to running
SQL query code to pull raw data from the relevant ERP systems. The following subsections will

detail the data extracted, the systems they came from and the insight that was gained.

3.5.2.1 Calibration Kit Decision Engine (CKDE) Data
The Calibration kit Decision Engine was introduced as a means to provide a forward looking

system that incorporated consumption rates and replenishment times. This web based front end
interface provided data about those routes that were being classified as high priority according
to their consumption and regeneration characteristics. The CKDE provided the user with a list of
routes, their respective on hand quantity and a derived days of inventory number which

characterised the routes from an efficiency perspective.

At the time of the research there were approximately 550 routes in the system and so the CKDE
was used in this research to ensure the model developed did not include routes that had very
little or no activity on them. In addition to route efficiency the CKDE system provided a list of
operations that the kits would travel through on their recurrent cycle; this provided a template
to develop a matrix that would demonstrate common operations/machines/flows across the
multiple different routes. This was important to understand as the CK expert had advised that
any methodology being developed should be around the operations versus the routes as this is

how machine groups and areas planned their workload.

Lastly, as outlined above the CKDE system provided an up-to-date picture of the current on hand

inventory that was contained in each of the routes; this information was key to backing up what
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was learned in the interviews/surveys. The data showed major over investment in a large
guantity of routes where an inflated ‘Days of inventory’ figure was a proxy for such inefficiencies.
Using this data it was possible to establish a baseline what the starting point was for inventory
levels validated against current understanding and measure the impact a new and improved

methodology could bring.

3.5.2.2 Calibration Kit Monitoring System (CKMS)
Within the CKMS an opportunity was provided to see how kits were managed within the different

routes by getting a look at the ‘Days at operation’ metric which recorded a time stamp on when
kits were moved from one operation to another. The quantitative data here provided verification
around the dumping of Kits into the clean area as well as cross validation surrounding the verbal

accounts from the interviewees about calibration kit mismanagement.

3.5.2.3 ERP System Data
Probably the most important quantitative data that was gathered was that which was extracted

from the company’s ERP system. The description of data gathered is detailed in Table 2 and Table
3. The data gathered using the ‘Module usage’ extract allowed for the characterisation and cross
validation of how calibration kits were being demanded, used and managed within the different
module areas. Given that the data was being recorded at the kit ID level meant that it was
possible to track exactly what time each kit was spending in each of the operations. The data
gathered using the ‘Clean’ extract allowed for the characterisation of how kits were being cleaned
and sent back to the ‘CK Ready’ staging area; again due to the fact the kits were being tracked at
an individual ID level it was possible to measure the length of time each individual kit spent going

through the clean process.
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Table 2 Module Usage Data Gathering

KIT Number

Unique ID for Calibration Kit

Operation

The operation number that the kit is being moved into

Previous Out Date

This is the time stamp received by the Calibration Kit after being moved
out of previous operation.

In Date This is the time stamp received by the Calibration Kit after being moved
into the current operation

Out Date This is the time stamp received by the Calibration Kit after being moved
out of the current operation

Route This is the route to which the calibration kit has been assigned.

Previous Operation

The previous operation number with which the kit was moved out of.

Operation Description

Details the name of the current operation

Previous Operation

Details the name of the previous operation

Description

Old Quantity The Qty of Test parts within the calibration kit after being moved out of
previous operation

New Quantity The Qty of Test parts within the calibration kit after being moved out of

current operation

Operator of Previous
Operation

Name of operator who processed kit through previous operation.

Operator of Current
Operation

Name of operator who processed kit through current operation

Table 3 Clean Data Gathering

Kit Number Unique ID for Calibration Kit
Operation The clean operation number that the kit is being moved into
Clean Description of the clean operation grouping

Contamination

This is the contamination level that the Calibration kit is assigned to use
based on usage.

Recipe Description

Description of the clean recipe.

Last Entity

The name of the Entity which the calibration kit went through

Route

This is the route to which the calibration kit has been assigned.

Previous Out Date

This is the time stamp received by the Calibration Kit after being moved out
of previous operation.

In Date This is the time stamp received by the Calibration Kit after being moved
into the current operation
Out Date This is the time stamp received by the Calibration Kit after being moved out

of the current operation
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3.5.2.3.1 Demand Characterization

In Figure 15, on the next page, the demand for the calibration kit is characterised by how often a
kit is moved out of the CK Ready staging area (Step 1). For this, characterization kit ID is not
important as it only necessary to understand how often the kits within this route are being

demanded and to determine the intervals between these demand periods.

3.5.2.3.2 Module Usage Characterization
To characterise how Modules use the kits the time stamps between moving out of step 1 and out

of step 3 are analysed. The correct way that kits should be processed is once moved out of step
1 they are automatically moved into ‘CK In Use’ (step 2) this provides two functions; 1. The
calibration kit management group have a visibility of what kits are being used and 2. Tracking
how long the kits are being used in the module. However, in reality what is happening is kits are
being moved out of step 1, being used by the modules and once finished then processed through
steps 2 and 3 instantaneously; this provides a headache for the CK management group as they
have little visibility of what kits are being used. As a response, over time, due to this behaviour
they have assumed that once kits move out of CK Ready they are ‘In Use’ even if they haven’t
been ‘moved in’; hence the assumption above. In the analysis conducted for this research the CK
ID’s are tracked and how long they spend between step 1 and step 3 is monitored; this provides

raw data that allows for characterisation of time spent in the module areas.
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Figure 15 Calibration Kit process flow

3.5.2.3.3 Clean Process Characterization
Once the modules are finished with the kit they move it out of the ‘CK in Use’ step and into the

first operation of the clean process. The clean process can contain from 1-6 operations depending
on what route the kit is on. The purpose of the clean process is to bring the kit back to a state
that allows the kit to be reused. In Figure 16 above the clean process is characterised by taking
the period between the time stamps at “Clean Move In” (4) and “Clean Move Out” (5). Again due
to the data being recorded at the kit ID level there is full traceability of the kits and hence accurate

determination of the clean process duration.

3.6 Methodology Development

3.6.1 Initial Findings
After reviewing the current process in place through the quantitative analysis and liaising with
those people with system knowledge from a qualitative perspective it is evident that the

methodology to be developed needs to address a couple of key points.
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1. Minimise calibration kit inventory; at the time of research the calibration kit quantity had
reached levels that were five times greater than the quantity of production items running
through the line. It was evident, therefore, that the model needed to be able to incorporate
optimisation.

2. Incorporation of variability to reflect reality; Up until now the only level of dynamism within
the current offering was a short and long term measure of consumption; the platform and
methods being used were not suitable for a stochastic environment and so the offering also
needed to be able to incorporate the stochastic characteristics of demand and cycle time at a
granular level.

3. Easily transferrable to other technologies and calibration kit tracking systems; The idea of
having a method that was ‘generic’ or technology agnostic came through very strong when
talking to personnel who had been involved in the day to day running of the current systems.
The effort up till now was to ensure the current system was simplified so as that it could be
used and managed; there was an understanding that a certain percentage of accuracy was lost
due to the over simplification. The requirement, therefore, for a new offering is that it needed
to be both simple to operate and understand whilst engineering the complexity into the
background away from the user.

4. Provide an experimental platform; With the current systems there was no capability to test
strategic ‘what-if’ analyses. For example at the time of the research being completed a new
plant was being built which was expected to be calibration kit heavy from a usage perspective
however there was no platform on which to test the usage against actual number, just
deterministic models with high levels of safety stock built in to prevent any downtime which

was likely to result in over investment in Calibration kits.

Based on the literature review and the findings regarding the benefits of optimised simulation it

was clear that this was the platform of choice on which the methodology should be built.

3.6.2 Model Design
In order to ensure the design met the needs of the ‘customer’ it was necessary to establish a

strong collaborative working relationship with the calibration kit expert. Meetings were held at
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regular intervals to ensure that the model was on the right track from a development perspective

and to secure end user credibility in the final offering delivery.

3.6.2.1 Proof of Concept Design
Learnings from the data gathering exercise were used to develop an initial proof of concept for

one of the modules which would form the basis for the first working session with the calibration

kit expert on what the model/methodology should look like.

The initial model was a proof of concept to determine positioning from a customer demand
perspective rather than a fully developed model capable of addressing all requirements from the

data gathering session. The model consisted of the following four parts.

1. Starts and Attribute Setting — The purpose of this section of the model was to set the
usage rate of the calibration kits and provide every Route with a specific attribute that
would enable manipulation of any kit that went through that route in the rest of the
model.

2. Routing and Module Usage — This section of the model assigns the time spent by the kit
in @ module and guides it to the appropriate clean operation post usage using the
attribute set in section 1.

3. Clean — This part of the model assigns a time to the kit and filters it through the
appropriate tools based on its route attribute.

4. Exit — This allows the kit to leave the model and analysis.

Immediate feedback from the calibration kit expert was unhappy for the research to proceed in
this direction. This person had global experience working on calibration kit issues and so had a
unique view and opinion on how things work. They could also see how such a model could be
used on following technologies and so wanted to ensure that whatever was created on this
technology could be transferred to other technologies down the road. They highlighted the
desire for it to be simple, stating “if it becomes overly complicated and complex it won't be used
and would become difficult to maintain”. The initial feeling was that the level of complexity was

really high regarding the calibration kit process they had had spent the last 2 years trying to
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simplify the process and take an abstract view of it in order to make it manageable sacrificing

some accuracy e.g. 80% accurate versus overly complex for 90-95% accuracy.

They suggested that it would be more reasonable to look at this model development process
from an operation perspective rather than a route perspective. Their reasoning for this was that
the ‘Clean’ area when processing kits didn’t batch by route but rather by operation and many
different routes contain the same operation. However, the concern with this approach was, that
the goal was to look at the entire flow/cycle and so how would the model allow a user to
experiment with the way modules managed their routes if the logic of the routes weren’t built

in?

The calibration kit expert suggested that that this shouldn’t be the purpose of the model and
suggested that it would be much more worthy to prove the ROl of changing the way wafers arrive
at clean and then reverse engineer how this would translate into module calibration kit
management i.e. show the effect of a different way of sending calibration kits into clean e.g.
batching, etc. and then allow the areas to take an action of how to implement such a change. The

outcome of this meeting was an action to test this proposal by building a second prototype.

Three months of Calibration kit data were reviewed to see whether it was possible to simulate it
by operation. This review revealed that there was no standard process flow; many operations
existed across many routes, with the entry into that operation and exit out of that operation very
rarely the same. Without knowledge of the routing logic of each kit e.g. the route it was on, how

could an arrival distribution be determined and then how could it be decided where to send it?

For example say operation 1234 is being sourced from multiple different areas/routes all running

on one type of entity within clean:

Source 1-1234 —-—-—memem- >
Source 2 - 1234 ——----—————--- > Entity XYZ
Source 3 -1234 —-mmmemmeeee >
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Below is an example of how the operation sits in the process flow of three different
route/sources. Source 1 shows once a kit is used it enters the clean operation ‘1234’ and once
completed is ready for reuse in the module again. In source 2 operation ‘1234’ is part of a four
operation clean route which has 7123 as its point of entry and 7345 as it exit point. Lastly, source
3 shows operation ‘1234’ as part of a three operation clean route which has 6345 as its entry

point and 6325 as its exit.

Source 1 Module ----> 1234 ----> Module
Source 2 Module ---> 7123 ----> 6543 ----- >1234 -—-- > 7345----- > Module
Source 3 Module ---> 6345 ---> 1234 ---> 6325 ----> Module

There are two main issues with this when trying to determine a routing logic for model

development:

1. The fact that 1234 is being fed from three different areas could mean that the arrival rate
distribution could be multimodal and possibly prove difficult to fit a distribution to.

2. Once the TW's have finished processing how can | determine where they go next in the

example above 1 goes back to the module, one goes to 7345 and the other goes to 6325.

The only way to avoid these issues is to revert back to the route method and design each arrival

rate and process flow individually.

3.6.2.2 Initial Model Design

Based on findings from the proof of concept and feedback from the CK expert it became clear
that a route centric model would allow for the development of a methodology capable of

addressing the key customer requirements.

3.6.2.2.1 Data Input
The Data input for the model could be broken into three distinct steps/ groups as depicted in

Figure 16. During the data gathering exercise a picture was built up of the process flow from a
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guantitative and qualitative perspective. Quantitatively the kit level detail provided route
mapping information for specific routes that kits were on and qualitatively details were gathered

around the rules that governed the running of the entities in the clean area.

Step 1 Route Structure (Operational
Flow and Entity Identification)

Step 2 Process Times (Analysis of raw
transactional data)

Step 3 Run Rules (Understanding the

rules that determine the flow of
kits through the tools)

Figure 16 Input Data Groups

Step 1 Route Determination

The first step in route determination involved breaking down the multitude of routes to those
that would provide the most value for the sponsor company and demonstrate the value of the
implementation of such a methodology. Working with the Calibration Kit expert the routes were

reviewed and the ones that were consistently high on the priority list and deemed costly to
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run/manage were chosen; this reduced the quantity of routes 37. Once identified a matrix was
developed similar to that in Figure 17 to show the operation flow and machine groups involved

in each of the routes.

Route Operation Enti Operation Enti Operation Entity
Route1 5330_ saarh 6627 Toald

Route2 6365 9225 Tool3

Route3 6365 Tool3

Routed 6514 Tool9 6543 o2 6633 IR
Routes 6521 Tool10

Route6 6528 ToolG 7237 Toold

Route7 6533 Tool7

Routed 6539 7237 Tool9 6609 Tool10
Route10 6540 Toold 6360 Tool7 ?250_
Route11 6544 Tool3 7242 6605

Route12 6544 Tool12

Route13 6581 6537 Tool3 6557 Tooll
Routel14 6581 53T 6557 Tool3
Route15 6581 53T 7255 Tool6
Route16 6581 6537 Tool3

Routel17 6581 Tool3 5544_ 6612 Tool7
Route18 6581 Tool10 B544 9168 Tool3

Route19 6551 COIIMM 599 Tool12 Gy |

Figure 17 Example of Route detail from an operation flow and tool perspective

Step 2 Raw Data Analysis

The second step involved analysing the raw data from the company ERP system to determine the
transactional time stamps. Before engaging in this exercise it was necessary to determine what
was needed to be represented in the model and then identify how these aspects could be derived
from the raw data. Three pieces of information were identified as being key to the generation of
the model; Demand intervals for each route, time spent by the kits in each module and lastly

time spent cleaning the kits for reuse in each of their individual process steps.

Demand from Time spent in _ Time spentin

the Module the Module Clean

Figure 18 Data Inputs for the Model

Module Demand Interval

Demand from the Module was derived by subtracting the time stamps between each of the

Calibration Kit Ready move out events. Calibration Kits sit in the ‘Calibration Kit Ready’ state until
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the module requires it. The time stamp is recorded when the calibration kit is moved out of this
operation we then look to the next event when the next kit is required; it is the time in between
these events that provide us with a newly derived metric known as the ‘Module Demand

Interval’.

Module Demand Interval
= CK Ready Move Out Time Stamp (Kit number)
— CK Ready Move Out Time Stamp (Kit number + 1)

Equation 3

Module Usage Duration

The time spent in the Module is characterised by the time between the Module moving the kit
out of a ‘Calibration Kit Ready’ state and the moving it into the first operation of the clean
process. A module will request a kit when required and bring it into its area for use; the kit will
remain in this area until all usable components within the kit have been consumed after which
the kit is moved out of the module and into the first clean operation. This newly derived metric

is known as ‘Module Usage duration’.

Module Usage Duration

= CK Ready Move Out Time Stamp - Clean Move In Time Stamp

Equation 4

Clean Duration

The metric measuring the time it takes to clean the kit is known as ‘Clean Duration’; the time
begins from the when the kit is processed out of ‘calibration kit in use’ and into the first clean
operation. The time ends when moved out of the last clean operation and into ‘Calibration Kit
Ready’ state. In this initial model the interest was in mapping the complete clean process as it
will allow for the experimentation of run rules within the module areas, hence, the actual cycle

time for each process step were recorded.

Process Time of Clean Operation(n)

= Clean Step Queue Time (n) + XClean Step Process Time (n, ...n;)

Equation 5

44



Step 3 Run Rules

In order to determine how kits are moved through the different clean areas as part of the
qualitative data gathering any batching rules or customized run rules that are in place on the
different machine groups were recorded. This allowed for the development of very detailed
models mirroring the logic of how kits are processed through the different areas. Details of these

run rules can be seen in Appendix F.

3.6.2.2.2 Model Design
The initial model design is broken into a Two-phase process. Phase 1 (see Figure 19) includes the

building of the ‘Demand block’ (Block 1) and ‘Clean block’ (Block 2). This is then reviewed by the
Calibration kit customers to ensure the model is on the right track. Phase 2 includes developing

the ‘Usage block’ to describe how kits are used and managed within the different modules.

Block 1 is where the demand distribution characteristics are assigned to the 37 different routes.
Block 2 contains all the entity types within the clean process and allows for the flow of kits
through the different entities based on the quantitative process flow feedback. Within the entity
block there is the ability to build in the logic of the run rules associated with each entity based

on the route and kit in question.
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Block 1 Block 2
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Callbrtess Wit Roctes

WROg WRiy

Figure 19 Initial Model Design - Phase 1

3.6.2.2.3 Block Detail
The details of the components are provided in Table 7 in Appendix A

3.6.2.2.4 Model Design Review
This initial incomplete model design was brought in front of the content expert and academic

supervisor for review. The initial response was that the model was too complicated and complex.
The calibration kit expert feared that there was no easy way that this model could be replicated
on another technology given that very specific run rules had been built into the model that would
not necessarily be required on another site. Hence Phase 2 of the model building activity was

postponed (Usage Block) and we revisited the entire model design.

3.6.2.3 Model Design Revision 2
In order to improve the usability of the model it was agreed that some of the functionality of the

model would be compromised such as the ability to experiment at a machine level from a run
rule perspective. The main objective for developing such a model was to identify what the

appropriate level of safety stock should be for the calibration kits for this technology and future
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technologies. When reviewing the customer requests it was seen as an acceptable compromise

as long as the ability to predict appropriate calibration kit size quantity was still available.

In approaching the second revision of the model it was necessary to determine what were the
most basic of functions that were required from the model. It was necessary to return,

therefore, to the most basic question; how is an RA defined?

“The term reusable articles (RA) refers to products that are used multiple times by different users.

This definition implies that the use by each user is of relatively short duration (compared with

article lifetime) and does not deteriorate the product. It also implicitly states that RA require a

reconditioning process which should remain short and simple, in order to enable quick utilization

by the next user” [2]

From this definition it can be seen that for an RA there are two distinct activity steps in the form
of “Use” and “Reconditioning”; the demand for the items would be determined by how often the
users used the calibration kits and obviously these calibration kits will need to reside in a resource
pool. Another distinctive feature of this re-design would be that entity level blocks were no longer
required. In the previous design a block was included for each different reconditioning machine.
However, given that the client was no longer interested in the experimentation of the run rules
within a machine it allowed for simplification of the conceptual model as depicted by Figure 20

below.

Resource Pool

e a4 Recondition

Figure 20 Model Design Revision 2

With the restructuring of the model it became necessary to review the quantitative data that had

been collected and determine the level of detail required for the new revision. Previously each
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step and the equivalent run rules associated with the process flow were being analysed.
However, given that the new model would not be concerned with the inner workings of each
machine and their process flow all that was necessary to understand from the quantitative data

was the time stamps at each gate.

3.6.2.3.1 Input Data
Module Demand Interval

As per before Demand from the Module was derived by subtracting the time stamps between
each of the Calibration Kit Ready move out events. Calibration Kits sit in the ‘Calibration Kit Ready’
state until the module requires it. The time stamp is recorded when the calibration kit is moved
out of this state. The time between these events provides the derived metric in Equation 6 below

and is known as the ‘Module Demand Interval’.

Module Demand Interval = CK Ready Move Out Time Stamp (n) — CK Ready Move Out Time Stamp (n + 1)

Equation 6

Module Usage Duration

The time spent in the Module is characterised by the time between moving the kit out of a
‘Calibration Kit Ready’ state and the moving it into the first operation of the clean process. A
module will demand a kit when required and bring it into its area for use; the kit will remain in
this area until all usable components within the kit have been consumed after which the kit is
moved out of the module and into the first clean operation. This newly derived metric is shown

in Equation 7 and is known as ‘Module Usage duration’.

Module Usage Duration = CK Ready Move Out Time Stamp - Clean Move In Time Stamp

Equation 7

Clean Duration

In the previous model the reconditioning aspect of the design proved the greatest modelling
challenge. In this revision the client is not interested in the inner workings or process flow of the

machine and indeed is not even interested in the machine as a block, e.g. time within the
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machine. This allowed for aggregation of all the reconditioning steps for each route into a single

input and output process.

This simplified approach was taken for a number of reasons. But primarily the simplification was
implemented because one of the objectives of the design was to create a model that was
generalizable across all other technologies and ideally across industries. The reconditioning
activities in the process being modelled have developed over time and are customised for the
routes that are running (as evidenced by Table 4 below); However, each route has different
combinations and quantities of process steps which if designed into the model would make the

model non-generalizable for any other technology.

Table 4 Reconditioning Routes

Route Operation Enti Operation Enti Operation Entity
Route1 6330 _ a33¥b 627 Toold

Route? 6365 5225 Tool3

Route3 6365 Tool3

Routed 6514 Taold 6543 o2 6633 IS
Routef 6521 Tool10

Route 6528 Tool6 7237 Toold

Route7 6533 ToolT

Routed 6539 7237 Toold 6609 Tool10

Route0 6540 Toold 6360 Tool? 7250

Route11 6544 Tool3 7242 6605

Route12 6544 Tool12

Route13 6551 6537 Tool3 6557 [Tool7

Route14 6581 5537_ 6557 Tool3

Route15 6551 6537 7255 [Tool6

Route16 6581 6537 Tool3

Route17 6581 Tool3 6544 6612 Tool7

Route8 6581 Tool10 6544 9168 Tool3

Route19 6561 CHINE 6599 Tool12 6557 I

In this model, the metric measuring the time it takes to clean the kit is known as ‘Clean Duration’;
the time begins from the when the kit is processed out of ‘calibration kit in use’ and into the first
clean operation. The time ends when moved out of the last clean operation and into ‘Calibration
Kit Ready’ state.

Clean Duration = CK In Use Move Out Time Stamp - Clean Move Out Time Stamp

Equation 8
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This level of analysis now simplifies the model into needing only three time based inputs and has

removed the necessity to model individual process steps enabling a generalizable solution across

technology and industry.

Module demand interval

A

‘ Usage Duration ‘ Clean Duration ‘

CK Ready State

CK Ready Move Out

Figure 21 Model Design

3.6.2.3.2 Model Design
This Simulation model is broken into three distinct blocks; “Calibration Kit Demand”, “Calibration

Kit Use and Clean” and “Calibration Kit Pool” as depicted in Figure 22.

a
L=

. - I
Calibration Kit Demand Calibration Hit Use and Clean Wi waiting
Calibration Kit Pool

Figure 22: Principle Simulation Model blocks.
The Calibration Kit Demand block is where the demand distribution characteristics are assigned
to the 37 different routes. The characteristics of the 37 demand routes are defined by creating
empirical distributions utilising the newly defined metrics. In the previous models attempts were
made to fit the data to distributions using the software package “StatFit”. However, it was found

for some routes that this did not provide adequate results. It was, therefore, necessary to create
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empirical distributions which reflected the actual performance of kits through the different
stages of the process. It should be noted that using the empirical distribution does have its

limitations such as only being able to operate within the bounds of the data historically seen.

The “Calibration Kit Use and Clean” block contains 37 different routes which contains details on
the length of time kits spend in their respective modules from a usage perspective. It also takes
the length of time it takes for a kit to move through the clean process as an individual measure.
Both of these stages lead time characteristics are defined by creating separate empirical

distributions utilising the defined metrics.

3.6.2.3.3 Block Detail
The details of the components of each block and their respective function is provided in Table 7
in Appendix B.

3.6.2.3.4 Model Revision 2 Design Validation
After the completion of this model design a validation took place with the Calibration kit expert

and academic supervisor. This design met the requirements that were set out post the Initial

model development,

e Generalizable across technologies and industries.
e Easy to maintain given only three specific inputs.

e Provide the ability to be able to quantify safety stock levels for the routes of choice.

As discussed in the literature review chapter, the use of simulation models provides a means to
experiment with parameters, for example in this instance, a safety stock level that will enable the

user to never have a ‘Wait Calibration Kit’ status.

As discussed earlier, to arrive at the optimum answer through trial and error is not possible given
the complexity and stochasticity of the system. As stated in the literature review an Optimised
Simulation proposal provides the ability to be able to account for variability through the discrete
event simulation model portion whilst the addition of an optimizer on top of the simulation logic
will enable accelerated experimentation within certain confines to arrive at an optimised answer

that meets certain criteria.
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3.6.2.3.3 Optimiser Design
As part of this model design ExtendSim has an evolutionary optimizer functionality which will be

used to build an optimised simulation model. The mechanics for the optimizer in ExtendSim is
contained within one block as detailed in Appendix C, Table 9. The addition of the optimiser on
top of the Simulation model marks the final addition to the model development and in the next

Chapter the capabilities of the model are tested to ensure that the final offering is fit for purpose.
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CHAPTER 4: RESULTS AND ANALYSIS

4.1 Introduction and Section Layout

The purpose of this chapter is to highlight how the methodology is being utilized in an industrial
environment, the potential gains from such an implementation and the possibilities for adding
to the knowledge base for fleet size calculations of reusable articles. Section 4.2 will provide the
user with information regarding the validation of the simulation model and its raw data. Section
4.3 will compare the output of the model and how the implementation of an optimised
simulation model affects the current fleet size estimation versus what is actually being kept as
safety stock. Section 4.4 will detail how the optimised simulation model compares against a
proposed fleet size calculation formula developed by Carrasco-Gallego; a leading researcher in
the area of reusable articles management. Lastly 4.5 provides details on a proposed fleet size
calculation model that attempts to build upon the current Carrasco-Gallego model to improve

those results when compared against the optimised simulation model.

4.2 Model Validation
The purpose of model validation is to establish that the outputs of the model don’t show any

statistically significant difference from what would be expected from the real world system that
has been modelled. If a model can be shown to be valid, then it can be accepted that any
inferences about the operation of the system derived from the model will be valid in the real
world system. The model validation process, if conducted in cooperation with the client, can
assist in establishing client credibility in the model and it’s outputs, thereby, giving them
confidence to recommend changes to the real world system based on the analysis conducted
with the model. Prior to validating the model output, it is recommended that the analyst also
validates the assumptions of the model, especially those concerning the use of the input data in

the model.

4.2.1 Data Cleansing
The input data for the model as stated before can be broken into the following categories:

Demand, Use and Recondition.
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Before applying the data to a simulation model it is necessary to focus on the data to make sure
the logic holds and that the data at a high level makes sense, i.e. there are no anomalies or
missing data. In addition to this, it is necessary to apply statistical methodologies to identify
potential outliers. According to Maletic et al. [24] the data cleansing process can be broken down

into 3 main steps:

1. Define and determine error types.

2. Search and identify error instances

3. Correct the uncovered instances.
The error types that are defined here as part of step 1 can be broken into 3 categories;

1. Non logical anomalies

2. Missing/Incomplete Data

3. Outliers
Non Logical
From a logic perspective it is required to consider whether the data makes sense, for example
when a calibration kit is moved from a ready state to an in use state and then to the regeneration
phase do the times look reasonable. In certain cases the data showed that the model would move
the calibration kit into the use state and then into the replenishment state within a couple of
seconds. To resolve this, advice was sought from content experts who have a tacit knowledge of
the calibration kit process. This discussion revealed that on certain occasions employees will use
the calibration kits physically but refrain from moving them on the system until the calibration
kit has been fully used and is then 'logged' through the system in a matter of seconds. From a
data perspective this resulted in several incorrect demand signals and unrealistic usage times
which when trying to fit standard distributions such as those seen in Fig.23 or derive an empirical

distribution caused issues.
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Beta Distribution (min, max, p, q) ....

Binomial Distribution (n, p).............

Cauchy Distribution (theta, lambda)

Chi Squared Distribution (min, nu)

Discrete Uniform Distribution (min, max) .....c............
Erlang Distribution (min, m, beta) ........ccovervvcureccnnene.
Exponential Distribution (min, beta).........ccooconcncncns
Extreme Value Type 1A Distribution (tau, beta) ........
Extreme Value Type 1B Distribution (fau, beta).........
Gamma Distribution (min, alpha, beta) ..........ccccocceeee.
Geometric Distribution (p) ..o
Hypergeometric Distribution (s, 1, M).....cccoccccuunnee
Inverse Gaussian Distribution (min, alpha, beta) ........
Inverse Weibull Distribution (min, alpha, beta)...........
Johnson SB Distribution (min, lambda, gamma, delta).
Johnson SU Distribution (xi, lambda, gamma, delta) ..
Laplace Distribution (thefa, phi) .......ccooeicvcincvicnen
Logarithmic Distribution (thefa)........cccocoiiiciccuene.
Logistic Distribution (alpha, beta) ..........coovvreeevccunnneee.
Log-Logistic Distribution (min, p, beta) .....ccococvciinnae
Lognormal Distribution (min, mu, sigma) ...................
Negative Binomial Distribution (p, k) ..o
Normal Distribution (mu, Sigma) ........ccoceveeecicuene.
Pareto Distribution (min, alpha).......cccocviniiiciccnnne.
Pearson 5 Distribution (min, alpha, beta) ........c..cc......
Pearson 6 Distribution (min, beta, p, q) ..ccocovervvcicicnnnne
Poisson Distribution (lambda)............cccococviiiiiinnnnc
Power Function Distribution (min, max, alpha) ..........
Rayleigh Distribution (min, sigma) ..o
Triangular Distribution (min, max, mode) ...................
Uniform Distribution (min, max).........ccccccovennennncns
Weibull Distribution (min, alpha, beta)........cocccveveene.

Figure 23 StatFit Distributions

The process undertaken to carry out such a validation involved initial qualitative clarification with
the engineers and process owners on the validity of such a transaction; in this engagement we
qgueried what an appropriate time for a transaction should be and identified a limit where the
time was unrealisticand down to inappropriate human logging behaviour. Once verified that such

an anomaly was indeed an issue a quantitative analysis was conducted of the newly derived
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variables identified in the input data above and highlighted those occasions where the kit was

processed; these data points were then removed.

Missing/Incomplete Data

Missing/Incomplete data can be defined as those line items where the analyst doesn’t have a full
complement of data in order to derive the new variables as highlighted in previous sections. For
example, it was observed within the dataset that it was possible on occasion to have a time stamp
for a calibration kit move out of the 'Ready State' and into the 'Use State' but no time stamp for
when it reached the 'Regeneration’ step. This was due to the fact that a Kit was still in use when
the data extract was taken or simply removed from the process for other reasons. It was deemed
appropriate to remove all such instances of incomplete data from the dataset before deriving the

empirical distributions for the input variables.

Outliers

Observed data can often contain outliers that have unusually large or small values when
compared to the other data points observed in the dataset. These outliers can be caused by
inaccurate data logging, manual override or an unusual event such as a kit going missing that
means the time associated with a particular calibration kit was skewed in some way. According

to Osborne et al. [23] outliers can have a “deleterious effect on statistical analysis:

1. Outliers generally serve to increase error variance and reduce the power of statistical
tests.

2. If non-randomly distributed, they can decrease normality (and in multivariate analyses,
violate assumptions of sphericity and multivariate normality), altering the odds of making
both Type | and Type Il errors.

3. They can seriously bias or influence estimates that may be of substantive interest.”

The classical approach to determining outliers is the standard deviation method. This is a labelling
methodology that attempts to identify those points that fall outside the boundaries of ¥ + 30;

where X and ¢ are the mean and standard deviation of the dataset, respectively.
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Figure 24 Probability density function for a normal distribution according to the standard deviation.

As can be seen from Figure 24 above under a normal distribution 68% of the data seen is expected
to lie within 1o of the mean, 95% of the data seen is expected to lie within 20 of the mean and
lastly 99.7% of the data that seen is expected to lie within 30 of the mean. When using the 3o
cut-off as the point for labelling data as outliers an analyst is stating that if a point is greater than
30 away from the mean the probability that that particular data point is part of this normal

distribution is very small and so should be removed.

However not all data can be described using a normal distribution and with it the ability to apply
the purest sense of the SD method is questionable. With such a departure from the normal
distribution it is possible to transform the data utilising common transformations such as
logarithm and square root transformation. The intention of such an action is to see can a non-
normal dataset be transformed into a normal distribution which will allow for the application of
the SD methodology. Figure 25 provides an example, from the dataset collected for this research,
of one of the calibration kit routes whose data was originally skewed and therefore, non-normal.
Figure 26 depicts post transformation showing Normal distribution characteristics which enabled

application of the SD methodology.
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Figure 25 Histogram of route showing skewed distribution

Histogram of tc64323%logt2

100
|

Frequency
60
1

40

|

T T T T 1
-2 0 2 4 6

oj
jﬂ

1c64323%logt2

Figure 26 Histogram of route showing normal distribution characteristics post log transformation

When data is skewed and a transformation technique does not provide a curve with Normal
distribution characteristics it is possible to apply Chebyshev's theorem (see Figure 27) which

states that for any numerical data set:

1. atleast 3/4 of the data lie within two standard deviations of the mean, that is, in the
interval with endpoints x — +2s for samples and with endpoints u + 20 for populations;
2. atleast 8/9 of the data lie within three standard deviations of the mean, that is, in the

interval with endpoints x— + 3s for samples and with endpoints u + 3¢ for populations;
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3. atleast1 — k1_2 of the data lie within k standard deviations of the mean, that is, in the

interval with endpoints x — +ks for samples and with endpoints u + ko for populations,

where k is any positive whole number that is greater than 1.

at least 88.89%

—— at least 75% —

Relative Frequency

/ —

T—3s IT—2s ZI-—s i T+s ZT+2s IT+3s
p—3c p—20 p—o 7 p+o pu+20c p+30

Figure 27 Chebyshev's theorem

It is important when understanding Chebyshev's theorem that close attention is paid to the fact
that it guarantees the minimum proportion of data that resides within the standard deviations
of a numerical dataset; there is a possibility that a bigger proportion may exist. For the analysis
conducted within this research an outlier limit of 40 was applied, which according to Chebyshev's
theorem states that a minimum of 94% of data resides within these boundaries. Any point that

falls outside this limit was removed from the dataset.

4.2.2 Verification and Validation of Simulation Model
The verification of a simulation model is concerned with ensuring the model is built right;

validation of a simulation model is concerned with building the right model.
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Verification

The verification of a model can be thought of as a process that ensures the model's logic is
correct; for example when an analyst changes something to increase the process time at a certain
step it should be verified that there is an overall reduction in output if the run time is the same
in both conditions of the model. In order to ensure due diligence is applied to this step the

following steps were followed in this study:

Examine Code:

Have any code that is contained in the model reviewed by a third party; the model concerned in
this research contains linear programming code (see Figure 28) in order to minimize the quantity
of kits required. This code was verified by academic supervisors as well as work colleagues to
ensure appropriateness.

rEnter an equation in the form: MinCost (or MaxProfit) = equationVar...

Integer numiaiting;
numiaiting = (AverageMumber*1000000%;

MinCost = numWaiting+Resource;

Figure 28 Minimization code for Fleet size determination
Flow Diagram:
The purpose of this step is to outline the model's logic and trace every possible way in which the
item can travel within the model based on the different decision points contained within the
model. The easiest way to do this is physically create a visual representation of the model logic
as shown in Figure 29. This flow diagram was used to verify the flow logic within the model with

system experts.
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High Level Model Schematic
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Figure 29 High Level model schematic of model
Model Qutput
This step can be thought of through the following analogy: “when building a car if | turn the
steering wheel right, the car goes right”. Therefore, this is a step for checking that when changes

are made to the input parameters in a number of ways that an equivalent expected change in

output is recorded. In this model a number of inputs were changed such as the regeneration time
of the calibration kit to verify that the quantity of required stock increased when input

parameters got perceivably worse.

Validation
Validation can be seen as an iterative process whereby the model is constantly being revised,

modified and compared to the real world as illustrated in Figure 30. Naylor et al. [21] formulated
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a three step approach which is widely used and provides a structure for the validation of this
model.

1. Build a model that has high face validity.

2. Validate model assumptions.

3. Compare the model input-output transformations to corresponding input-output

transformation for the real system.

— R

Compare Model to Reality 3 Revise
Real World H First Revision of Model
Compare Model toReality 3 Revise

N — e —

Compare Model to Reality
3 Revise

Figure 30 Iterative Simulation Model Validation process

Valid Model Assumptions

Assuming condition number 1 is satisfactorily met by the current build, e.g. the model has the
ability to be validated the next key question to ask is whether the model data assumptions are
correct. When data is collected for this model it is necessary to ensure that the data is reliable
and that due diligence has been conducted in the statistical validation of that data before being
input into the model. The key data inputs into this model can be described as:

1. Inter-arrival times demand signals for the calibration kits and a route specific level.

2. Usage times of calibration kits by a module at a route specific level.

3. Replenishment times to return the calibration kits back to 'ready to use' state.
The analysis of the data prior to application to a model involves ensuring that the probability
distribution chosen to represent the random sample of input data is representative of the input

parameters. This can be achieved through using off the shelf packages such as © StatFit which
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automatically tries to fit a range of different distribution types to the data and provides a ranking
list of those which fit the input data best. However, there are occasions where even the best
fitting distribution is inadequate as a means of representing the input parameter. In these
scenarios an empirical distribution of the data can be created which mirrors the input parameter
from a proportion perspective and always provides an appropriate representation of the input
data. An empirical distribution can be created very simply in the following way.
1. Identify the parameter of interest for example time between arrivals.
2. Determine the count of each measure for example zero time between arrival = 5, 24 hours
between arrival = 8 etc.
3. Divide these counts by total calibration kit arrival quantity to derive proportion of arrivals
with zero hours, 24 hours etc.
The result of this calculation is a table with a list of times and their respective proportions which
provides the appropriate distributions for the simulation model. These calculations were

completed at a calibration kit route level for each of the three input parameters (see Figure 31).

rSpecify a distribution for TBA

[Empirical discrete i

TBA Probability ﬂ Plot Sample
1488 24415 0.0005858220721

1485 25166 0.0005858220721 Plot Table
1470 31.368 0.0DI5B5EZI0T21
1471 13 585 0. DO0EESE2IOT

Link |

Figure 31 Example of empirical distribution

Input / Output transformation validation
The model in question has three main inputs that have been derived from the raw data for each

individual route being analysed; namely:
1. Inter-arrival times of demand signals from the modules. Individual empirical distribution
defined for each route which will be randomly sampled from by the simulation model.
2. Usage times of calibration kits. Individual empirical distribution defined for each route
which will be randomly sampled from by the simulation model.
3. Replenishment times of calibration kits. Individual empirical distribution defined for each

route which will be randomly sampled from by the simulation model.
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Figure 32 Input / Output Transformation diagram
Figure 32 provides a depiction of the Input/Output transformation processes in the simulation
model. The X variables represent those variables that characterize the system, of which there
are three variables that fall into this category; namely Demand, Usage and Replenishment. The
decision variables are denoted by the letter 'D' of which there is one in this model; that being the
number of kits to enter into the system. Lastly the output variables are denoted by the letter Y,
of which there are two; Average Queue length and Throughput of the system. In this system the

model will take Inputs X and D and produce output Y, as represented by Equation 9.

f(X,D) =Y
Equation 9
With this understanding of the Input/Output transformation processes, it is now required to
analyse the model outputs for Type | and Type |l errors. Type | errors are instances where the null
hypothesis (H,) is rejected when it is true. In the case of validation of a simulation model this
would represent the probability of falsely rejecting the hypothesis that the model is a valid
representation of the real world system. Type Il errors are the corollary of Type | errors and in

the instance of simulation model output validation would represent the probability of accepting
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a model as a valid representation of the real world system when in fact it is not. In order to test
the validity of the model, ten replications of the simulation model were conducted and the
output variable throughput (Y2) was used in the validation tests. A sample of the results from

each replication is shown in Table 5 for one particular route.

Table 5 Results of 10 replications of one route from the Calibration Kit process.

264
277
225
278
264
224
237
240
255
10 289

O W ~ & U B~ W MM

Sample mean 255

Standard deviation 22.94

In this route it is known that the real world throughput is 263 units. Knowing that Z2 = 263 and
the sample mean response from the model Y2 = 255 with standard deviation of 22.94 across
10 replications allows us to perform a formal statistical test of the null hypothesis. The null

hypothesis can be described in the following way:

Hy (Null)Model = Real World : E(Y2) = 263 units
versus

H, (Alternative)Model # Real World: E 263 units

If Hy is not rejected after carrying out the t test then there is no reason to consider the model as

being invalid. However if H is rejected after the t test, the model has to be rejected and, hence,
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there is a need to review the model and its inputs to see if anything can be done to improve the

outcome.

The test that is being carried is called the t test which is appropriate for such an analysis as we’re
comparing the differences between two means and is carried out in the following way:
1. Choose a level of significance @ and sample size n. For our model we have set these
parameters as ¢ = 0.05 andn = 10.

2. Carry out calculation of the average of Y2 and the sample standard deviation S over n

replications. Y2 = 1 * Y2, =255 unitsand S = (zi-v2? _ 22.94 units, wheren =
n <t t n-1

1,..,10
3. Obtain the critical value of t from the t Tables. For a two-sided test such as this, use

t (n —1is the degrees of freedom). From the t Tables, ty ;59 = 2.262 for a two-

« .
E,Tl—l'

sided test.

4. Compute the test statistic: t, = Yz;”O where u, is the specified value in the null

\/ﬁ
hypothesis, H,. Here o= 263 units, so that t, = 25252# = —1.061
Vio

5. For the two-sided test, if [to| > ta, ., reject Hy. Otherwise, do not reject Hy.
>

Since [tg] = 1.061 < tgg259 = 2.262, it is appropriate to accept H, and conclude that the

model is valid in its prediction of average unit throughput in this first test.

The second part of the test is to ensure that there is enough power, S, to reject the model if H,
is indeed false. This is achieved by trying to ensure that S is as large as possible. § depends on
the sample size n and on the true difference between E(Y2) and p,. In order to calculate the
power of analysis one must first decide what practical significant difference is required to reject
H, if the true means of the throughput number from the model, E (Y 2), differed from the actual
throughput in the system, yy = 263. In this analysis a practical significant difference is being set

at 10% or (263 - 26.3 = 236.7). In conducting the ‘Power’ test the main objective is to determine
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the appropriate number of samples/replications needed in order achieve a power of 0.90. There
are many online tools that enable the quick calculation of these results one of which was used

during this research and is illustrated in Figure 33.

Inference for a Mean: Comparing a Mean to a Knq

(To use this page. vour browser must recognize JavaScript.)

Choose which calculation vou desire. enter the relevant values for muQ (known
power. a sample size. You may also modify o (type I error rate) and the power. 1

. Calculate Sample Size (for specified Power)
* ® Calculate Power (for specified Sample Size)

Enter a value for mu(: 263
Enter a value for mul: 2367

Enter a value for sigma: |22 94

. 1 Sided Test
e ® 2 Sided Test

Enter a value for o (default is .05): .05
Enter a value for desired power (default is .80): |0.95

The sample size is: 10

Figure 33 Online power calculation

As can be seen from Figure 33 above, when we enter 10 as the sample quantity the result of this
Power test calculated B=.0.95 this is above the goal of f=0.90 and so the sample size of 10
replications is adequate for this particular model analysis. This analysis was calculated for each
of the routes in our cohort of data; with no model moving onto the ‘Power’ test stage until the
throughput of the model had been validated and passed the t-test. The models that fail the t
test are reviewed thoroughly working from the ground up looking at the raw data to determine
any anomalies missed; moving onto the model inputs and logic of the model that was built. If a
model passes the t test the power calculation is conducted to determine whether the sample
size is appropriate. The results in all cases determined that a sample size of 10 replications was

an adequate quantity.
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4.3 Actual Kit Vs Minimized Proposal

Following on from the verification and validation stage, a group of 21 simulation models that
statistically represent their equivalent 21 routes were retained. The optimizer functionality built
on top provides the capability to determine what the minimum quantity of calibration kits should

be in order to never have a stock out versus current actual kit quantity.

Actual Kit Qty Vs Proposed Minimized Kit Qty
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1 2 2 4 5 6 7 & 9 10 11 12 13 14 15 16 17 18 1% 20 21
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Figure 34 Actual Kit Quantity Vs Proposed Minimized Kit Quantity

In Figure 34, above, it can be seen that there are a number of routes that are definitely over
stocked when it comes to calibration Kit quantities. Route 12, 14 and 21 are the obvious choices
for immediate intervention. However, an interesting fact about this picture is that not all routes
are over consigned; over 50% of the routes have a relatively appropriate level of stock for their
usage pattern and indeed some haven't got enough according to the model. This may in fact point
to the qualitative feedback received from the experts who identified the highly variable nature
of the mismanagement of the calibration kit process across the modules. When identifying
evidence of mismanagement it is important to not only concentrate on those routes that have

too much inventory of Kits but also those, such as routes 8, 15 and 17, that don't have enough
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inventory. A follow up exercise would be interesting in order to investigate whether this lack of

kit has affected their performance from a 'Wait Kit' perspective.

In summary if the company were to implement the kit quantities as per the optimised simulation
model they would see a reduction in kit quantity of 120 kits across the 21 routes or a 21% total

calibration kit reduction.

4.4 Model Comparison with Carrasco-Gallego analytical model

In the previous section it has been demonstrated how the use of optimised simulation can
provide insights into areas where improvements can be made in the inventory level of Kits,
however, this is not the only method. Through the research carried out thus far it can be seen
that there are four major types of models that have been used by different researchers in this
area of study:

1. Analytical Models (Queuing Theory, Linear Programming, etc.)

2. Rules of Thumb/Deterministic Formula
3. Simulation
4

Optimised Simulation

There's no doubting that the simulation and optimised simulation techniques are superior from
an accuracy perspective given the fact that we are sampling from the range of historical data
seen versus using averages. Variability can be fully accounted for beyond the basic descriptive
methods. This is backed up by the fact that those researchers that are promoting analytical
methods through their research demonstrate the strength of those approaches by comparing

and imitating the output of an equivalent simulation model.

So why are Simulation and optimised simulation not used all the time? Well as it turns out
advanced techniques such as simulation can be quite data heavy and in turn slow. The key
message here is that Simulation is seen as the source of truth when comparing equivalent

analytical models. This demonstrates the power and trust placed in Simulation from a results
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perspective however given the amount of researchers looking to replicate such results with

analytical models it points to an inherent difficulty with the Simulation process as it stands today.

One of the most comprehensive bodies of work in the area of 'reusable articles' was carried out
by researcher Ruth Carrasco-Gallego, hence it makes sense to take the fleet size formula
developed by Carrasco-Gallego and apply to the cohort of data that gathered over the course of
this research effort to see how this analytical model performs when estimating fleet size. The
Carrasco-Gallego formula was given previously in Equation 1 but for convenience of the reader
is presented here again in Equation 10. The formula, as noted earlier, accounts for average
demand (D) during time t, average times (T) fleet item is used during time t and adds on a safety
factor to account for variability in demand (Sd) and cycle time (Sct). In order to utilise the

formula it is necessary to derive the appropriate variables as inputs into the model.

D
N == (1+5d)(1+ Sct)

Equation 10

The 'T" variables for each route were derived in the following way:
1. Calculate the average usage time per kit (47.18 hours in one case).
2. Calculate the average regeneration time per kit in the route in question (27.05 hours).
3. Calculate the total time, t ,by subtracting first date from last date and transform to hours (
6422 hours).
4. Apply data to the following model T = Total Time / (Avg Usage + Avg Regen)
(resulted in 86.51 times for the example route ). This represents the amount of times an
RA is used in time period, t.
The 'D' variables (Demand) for each route is simply calculated by summing the number of times
the unit was demanded in time ,t. (1094 times in this case). Applying this to the Carrasco-Gallego
formula without consideration of the safety factors will yield a lower limit for the fleet size (N =
1094/86.51 = 12.64). The missing piece is the safety factors and for this piece of the analysis
the optimised simulation model results can be used to determine whether this safety factor is

relatively constant. This can be achieved by plotting the optimised simulation results against the

70



Carrasco-Gallego raw fleet size number (N=D/T) and analysing the percentage difference

between the two datasets.

Optimized Fleet Size Calculation Vs N =D/T
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Figure 35 Comparison between Fleet Size Calculation Vs N=D/T

As can be observed from the graph in Figure 35, above, the gap between the optimised simulation
results and the raw fleet size calculations derived from N = D /T is not consistent. This makes it
difficult to generalise such a model in industry given the impact that the safety factor has on the
end results when compared to the optimised simulation model output. Carrasco-Gallego has
stated that these safety factors represent the variability in demand and cycle time. The next step
is to calculate the coefficient of variation (C,,) for Usage (UC,), Replenishment (RC,,) and Arrival

(AC,) rates to see whether there is any relationship between these and the % difference.

c o
v = -
u
Equation 11
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Ucov

Ucov Vs % Difference
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Figure 36 Comparison between % Difference and Usage C v

Acov
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Figure 37 Comparison between % Difference and Arrival C -
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Figure 38 Comparison between % Difference and Arrival Cv-

The graphs above shows a possible relationship from a visual examination to the percentage
difference especially UC,, and AC,,. This discovery suggests that if the C,, for these three variables
can be determined it may be possible derive a statistical model that will provide

coefficients/constants in place of the original Safety factor term.

4.5 Fleet Size Model Derivation

Given that the gap in percentage difference of N = D /T and the optimised simulation models
results may be explained through other aspects of the data the following variables are derived

and prepared for use in a statistical methodology known as stepwise linear regression.

Variables
Please note these variables are calculated for each individual route from the raw data extracted

in the sponsor company.
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1. Car - This variable is the raw Carrasco-Gallego fleet size estimation excluding the safety
factors.(N = D/T)

2. Uavg - This is the average time calibration kits spent in the usage module.

3. Ustdev - This is the standard deviation of the time calibration kits spent in the usage
module.

4. UC, - This is the coefficient of variation of the time calibration kits spent in the usage
module.

5. Ravg - This is the average time calibration kits spent in the regeneration step.

6. Rstdev - This is the standard deviation of the time calibration kits spent in the
regeneration step.

7. RC, - This is the coefficient of variation of the time calibration kits spent in the
regeneration step.

8. Aavg - This is the average interarrival times calibration kits where demanded by the
modules.

9. Astdev - This is the standard deviation of interarrival times calibration kits where
demanded by the modules.

10. AC,, - This is the coefficient of variation of interarrival times calibration kits where

demanded by the modules.

In this analysis the optimised simulation fleet size result, 'Opt' is classified as 'Y' the estimated

dependent variable. The 10 variables defined above are the independent variables that will be

entered into the model. Using the statistical software R, a backward elimination approach was
used in the stepwise regression. This means that all variables are included in the analysis from
the very start and based on a statistical significance test will be eliminated 1 by 1 until only

significant features remain.
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> car.lm = lm{opt~ car+Uavg+Ustdev+Ucov+Ravg+Estdev+Rcov+havg+hAstdev+Acow)
> summary (car.lm)

Call:
Im(formula = opt ~ car + Uavg + Ustdev + Ucov + Ravg + Estdev +
Ecov + RAavg + Astdev + Lcov)

Eesiduals:
Min 12 Median 3 Ha=x
-2.9442 -0.3671 -0.2013 0.2660 2.895%9&

Coefficients:
Estimate S5td. Error t walue Pr(>|t|)

(Intercept) 3.386914 6.488321 0.522 0.6130
car 1.8673581 0.225173 T.432 2.23e-05 =¥
Tavg -0.00296%9 0.023459 -0.127 0.59018
TOstdew 0.0038982 0.020149 0.158 0.2473
Teoow -1.175332 1.442573 -0.815 0.4342
Ravg -0.2493028 0.244071 -0.99& 0.3429
Estdew 0.3267E80 0.267989 1.21%9 0.2507
Rcow —-2.994238 3.251018 -0.821 0.3787
Bavg 0.164055 0.247896 0.662 0.5231
Astdew -0.256356 0.220508 -1.163 0.2720
Bcowv 6.750429 3.567022 1.852 0.0877

Signif. codes: O *#*#*=*f 0.001 **%f 0.01 **f 0.05 *." 0.1 * " 1

Eezidual standard error: 1.843 on 10 degrees of freedom
Multiple B-sgquared: ©0.%81%9, Ldijusted B-sgquared: 0.9&837
F-sztatistic: 54.1 on 10 and 10 DF, p-value: 2.335e-07

Figure 39 Regression analysis example in R

As can be seen in Figure 39, above, a linear regression analysis was conducted in R with the
following statement:
car8.lm = Im(opt~ car + Uavg + Ustdev + Ucov + Ravg + Rstdev + Rcov + Scov
+ Aavg + Astdev + Acov)

The aim of is to predict Opt the dependent variable using the 10 independent variables. The main
body of results show the significance of these variables when being used to predict the Opt. The
first line termed the intercept (Constant) has a coefficient of 3.39, which on its own is a
meaningless number unless it’s possible to have zero values as appropriate numbers in the

independent variables which in this case it’s not.

75



In the following 10 lines which run from car to Acov the key piece of information is in the last
column which is the t statistic and in here any number below 0.05 is defined as statistically
significant when aiming to explain the variability in the dependent variable Opt. As can be seen
from the analysis the only variable in this run that is significant is car with the remaining variables

showing as > 0.05 and so not significant.

In the backward elimination process the next step is to define that variable which is the least
significant and remove it from the analysis. Least significant is the variable with the t value
furthest away from 0.05. In this case that variable is Uavg with a significance of 0.9018. The
analysis was rerun with this variable excluded and the process repeated until there were only

significant terms left in the model (see Figure 40).

> car.lm = Im(opt~ car+icov)
> summary (car.lm)
Call:
1lm(formula = opt ~ car + Rcov)
Besiduals:

Min 1¢ Median 30 Max
-3.1262 -1.0549 -0.0605 0.3422 4.5018
Coefficients:

Estimate Std. Error t walue Pr(>|t])

(Intercept) 0.5251a 1.73634 0.302 0.76578
car 1.71636 0.07252 23.666 5.18e-15 ==*~*
Bcaov 3.90567 1.23170 3.171 0.00529 ==

S5ignif. code=s: 0 “#***7 0.001 ***7 0.01 **7 0.05 *." 0.1 * " 1

Besidual standard error: 1.78 on 18 degrees of freedom
Multiple EB-squared: 0.9685, Ldjusted B-squared: 0.9662
F-statistic: 286.5 on 2 and 18 DF, p-value: 2.252e-14

Figure 40 Final results from R linear regression analysis.

On completion of the backward elimination stepwise regression analysis two variables remained,
‘car' which is the kernel of the Carrasco-Gallego formula N = D/T and Acov which is the
coefficient of variation of the interarrival times that the calibration kits are demanded by the
modules. Both results are statistically significant (5.18e-15 and 0.00529, respectively). The other
key piece of information contained in this R output is the 'Adjusted R-squared' number which is

a measure of how much of the variability in Opt is described when using these two variables. In
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this analysis car and Acov can describe 96.62% of the variability seen in Opt which is quite high
and a good indication that the model will be accurate in its prediction. The regression equation
is given in Equation 12 below and Figure 41 shows the performance of this prediction equation
versus the optimised simulation results and the raw N = D /T formula results. Direct observation
of Figure 41 shows the performance of the regression prediction equation is superior to the raw

formula and is a reasonable prediction of the optimised simulation results.

Opt = 0.52516 + 1.71636(Car) + 3.90567(Acov)

Equation 12

Optimized Fleet Size Vs Regression Fleet Size Vs N=D/T

m Optimized Simulation Fleet Size

mRmE

9 10 11 12 13 14 15 16 17 18 19 20 21

Routes

Figure 41: Optimised Simulation Fleet Size Vs Regression prediction Vs N=D/T

Model Robustness

Given that a prediction model with a high 'R squared' value has been developed for predicting
Opt and which has been validated as a good measure of the real world the question becomes
how robust is the model when applied to data it hasn't seen before? In the analysis above the
model has been derived using 100% of the data, hence, we need to test for over fitting which
would suggest that the model is not generalisable/applicable in the real world. As a means for
ensuring robustness, a statistical method known as 'cross validation' can be applied. Cross
validation is conducted by creating two groups of data from the dataset. One group is termed

the training group (and is usually the larger group) while the other is termed the testing group.
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The aim is derive a model using the data in the training group and determine how well it predicts
the independent variable when tested with the new data in the testing group to which it has not
be previously exposed. In the dataset used in this research there were 21 different routes which
act as the cohort of data points. Using R, a script was written to conduct a 1,000 cross validation

exercise; Figure 42 shows the commented code to detail how it works.

| Cross Validation script rev3 - Notey
Cross Valid pt rev3 - Notepa

File Edit Format View Help

rm(1ist=15(al1=TRUE))

cars=read.delim(file. choose())

attach(cars)

i <- 1 # This is the variable that will store the while Toop

total<- data.frame() # dec'larw‘ng data.frame that variables will be stored in, empty brackets define no set columns or rows.
while(i<=1000){ # Toop until i hits 1000 e.g. 1000 cross validation

newidx<- cars[order(runif(21)),] # randomly orders the 21 subjects

y<- newidx[1:14,] # picks the Training(66.6%) subjects

z<- newidx[15:21,] # picks the Test (33.3%) subjects

attach(y)

gars.;rl:]m(optu car+acov) #trains the specified model against the first 66.6%

etach(y

attach(z)

dl<- data.frame(predictions=predict{cars.1rl, newdata=z, type="response”)) # tests the model using the trained coefficients against the other 7,
d2<- data.frame(route) # ID is stored in data frame d2

d3<- data.frame(opt)# Falls history is stored in dataframe d3

d4<- cbind(dl,d2,d3) # d1,d2,d3 columns are joined

detach(z)

total<- rbind(total, d4)# original empty data frame is joined to the d4

i<- 1+1 # variable i increase by 1 and returns to top of loop signified by {

write.csv(total, file="cars8.csv'")

Figure 42 Cross Validation Script

In the script above the 21 data points were defined into 2 groups; a training group which
consisted of 66.6% (14) data points from the dataset and a testing group which is made up of the
remaining 33.3.% (7). The script defines that the 21 data points will be randomly shuffled before
this split is made. The first 14 will be used to define the model intercept and coefficients using
those variables which were defined as statistically significant i.e. cars.Iri=Im(opt~ car+AC,).
Once this model has been generated it is tested on the remaining 7 data points; implying that the
Acov and car values of these 7 data points are inputted into the model derived using the 14 data
points and this generates a predicted value for Opt which is then stored in 'cars8.csv' and saved
for review. This was repeated for 1000 replications the resulting output being a .csv file with
7,000 lines of Opt values and their predicted values as per the process above. The 1000
replications were chosen as a big enough arbitrary number in order to test that the derived linear
regression model was not over fitted and was indeed generalizable against unseen data. The

output from such a file looks like that shown in Figure 43.
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Figure 43 Cross Validation output extract

In order to test results of the cross validation technique we created a 95% confidence interval

from the 7,000 predicted rows. The aim was to understand whether this interval would

successfully contain the ‘actual’ average optimized result of the same 7000 rows.

The 95% confidence interval was calculated using the equation outlined below:

x + 1.96 O-_
X T 1. —_—

n
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Figure 44 Actual Optimized Vs Cross Validated Predictions
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The lower bound of the 95% confidence interval predicted results was 19.16 kits, the upper
bound was 19.61 Kits. The actual optimized kit value was 19.18 which falls within our 95%

confidence interval demonstrating that our model is indeed accurate and robust.

The aim of the research presented throughout this document has been to provide a model that
is generalizable to the problem of fleet sizing for RAs. As this research was conducted within one
organisation, a company operating in the electronic devices and information technology sector,
a natural question is whether or not this model is only applicable to the industry in which it was
derived. It has been shown in the literature survey presented in Chapter 2 that the problem of

fleet size calculations for RAs is prevalent across a huge variety of industry.

To answer this question a second case study was obtained from an organisation in the Medical
Devices & Technology sector (hereinafter referred to as the MedTech dataset) which was a fleet
sizing problem that was directly applicable to the research in question. In this new dataset there

were 13 different routes with three data inputs as per the previous research example.

1. Interarrival time - This is the variable that measures time between demand signals.

2. Usage - This variable represents the time spent in use.

3. Regeneration - This variable represents the time spent in regenerating the article and

making it ready for re-use.

As before, the necessary validations and verifications of the model and its input data were
conducted to ensure that the model was built right and the right model was built. Upon
completion of this data validation a set of optimisation results for each of the 13 routes with their
equivalent Carrasco-Gallego calculations minus the safety factors (N = D /T) were obtained. The

results of this are presented in Figure 45 below.
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Optimized Fleet Size Vs N=D/T
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Figure 45 Comparison between Fleet Size Calculation Vs N=D/T
As can be seen from Figure 45, when comparing the optimised fleet size calculation against the
N = D /T Carrasco-Gallego formula the difference between the results are also highly variable
ranging from a 150% difference to 315%.The purpose of this exercise is to demonstrate how well
the formula derived from the original dataset performs when applied in a different industry.
Therefore, the next step was to take the formula and insert the appropriate variables in order to
derive new stock levels. The purpose of this is to test, if the analyst can’t or doesn’t want to spend
time to generate an optimised simulation model for this new dataset in order to determine the
appropriate fleet size, would the model derived in another industry perform when applied
'blindly' to this new dataset. Recall that the expectation is that it 'should' perform well given the
cross validation result unless there is an industry related bias in effect that hasn’t been accounted

for in the original analysis.

In addition to applying the model derived from the original dataset a regression model was
derived on 100% of the MedTech dataset involving no cross validation. As can be seen from the

R extract in Figure 46 below these variables are appropriate when aiming to describe the
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variability in the optimised simulation fleet size calculation with an adjusted R squared value of

98.77%. The regression model developed based on the MedTech dataset is given in Equation 14.

Call:
Im(formmla = Opt ~ Car + Lcov)

Regiduals=s:
Min 10 Median 30 Max
-1.9506 -0.94%94 -0.3526 1.2168 1.3600

Coefficients:

Estimate 5td. Error t walue Pr{>|t]|)
(Intercept) -6.2115 2.4833 -2.501 0.03137 =*
Car 1.4834 0.1708 8.678 5.T74e-0§ ==*
Aoov 9.6584 1.7635 5.477 0.00027 ===*

Signif. codes: 0 “#&%r 0 _QQ1 “**f 0 01 **f Q.05 *.'r 0.1 * r 1
Residual standard error: 1.291 on 10 degrees of freedom

Multiple B-sguared: 0.9897, bdjusted RE-sqguared: 0.9877
F-=tatistic: 482.1 on 2 and 10 DF, p-value: 1.14e-10

Figure 46 Regression model output

Opt = —6.2115+ 1.4835(Car) + 9.6584(Acov)
Equation 14

Derived Model Performance Comparison

B Optimized Simulation Fleet size

B Regression Prediction with MedTech data

Quantity of Kits

" Regression Prediction using derived formula

W N=D/T

Figure 47 Comparison between Fleet Size Calculation Vs N=D/T Vs Derived formula Vs Regression MedTech
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As can be seen from Figure 47, above, both regression models (Equation 12 and Equation 14) are
tracking the optimised simulation fleet size values. The newly derived model (Equation 14) has
obviously the greater accuracy. However, the main purpose here was to test whether the model
proposed in Equation 12 is robust when applied to a new dataset from a different industrial
sector. From examining the performance of this model on this dataset, it was determined that
the absolute percentage difference between the model predicted kit quantity for Opt and the
optimised simulation model kit quantities for Opt was 11.53%. This corresponds to an accuracy
rate of 88.47% for the original model when applied to the MedTech dataset. In summary the
accuracy of the original derived model has held when applying it to cross industry data showing

its robustness and value as a potential fleet size predictor for reusable articles.
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CHAPTER 5: DISCUSSION

5.1 Summary of Results

The original intent of this research was to investigate whether it would be possible to replicate
the output of an advanced analytical model such as optimised simulation modelling through the
use of a structurally simpler analytical equivalent that would be generalizable, robust and hence
reduce the time to generate accurate fleets size calculations for reusable articles in a closed loop
supply chain. As stated previously such advanced analytical techniques are out of reach for fleet

size managers in industry due to lack of time, data and expertise in many instances.

In order to fully understand the problem a research methodology known as ‘triangulation’ was
incorporated and within that grouping the approach known as 'between methods' was applied to
this research. The idea behind such a methodology is to use two or more distinct methods that
are congruent and yield comparable results when examining the same dimension of a research
problem. In this research study there was access to ERP data (quantitative) and user experience
(qualitative); utilising these sources a quantitative analysis on the data was conducted looking at
the process flow, mapping the routes, examining the times that kits spent in areas, characterising
the behaviour regarding the moving of kits through areas etc. and a comparison was conducted
against a qualitative survey which posed questions of system experts regarding the issues with

the current process and where they saw the main problems.

One of the main issues to arise from the qualitative research was the mismanagement of the
calibration kit process this was raised time and time again when comparing this feedback against
the quantitative analysis scenarios were discovered where kits were mismanaged; examples such
as kits being used but not being processed (logged) into the module were evident in many routes
and caused a lack of visibility to the kit management group of the actual quantity of available kits
and so provided false signals on usage and in many cases resulted in delays and in worst case

scenarios calibration kit purchases based on the pressure not to stop the line.
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While kit mismanagement was a problem that inflated the quantity of kits in the system, of more
interest to this study was understanding the system that was being used to determine kit
guantities. In order to do this the calibration kit decision engine (CKDE), which was a newly
incorporated methodology to control the quantity of kits in the process and allow for easier
management, was reviewed. The 'Calibration Kit Decision Engine' was an online tool that ranked
calibration kit routes based on their Days of Inventory (DOI) in the system, previously given in

Equation 2 but given again here in Equation 15 for convenience

Good inventory . .
DOI = - time to replenish
usage rate

Equation 15

DOI could be defined as a measure of how many 'good' kits are available for use. Once an
appropriate DOI could be agreed upon this tool highlighted those routes that had extremely high
DOI which suggested over stocking and resulted in actions to remove and, hence, reduce stock
on these routes. However, the formula did not account for variability in usage (apart from a
rudimentary rule of thumb to take the greatest usage of 4 or 30 days) or replenishment time
which was hard coded into the system as a static number. This practice resulted in stock levels

that remained suboptimal with lots of room for improvement.

As a means to test the performance of the current system an optimised simulation model was
developed for the routes deemed as being significant from a usage perspective; this was an
iterative process that included the engagement of all subject matter experts and included
rigorous validation and verification of the models. The results of the comparison validated initial
feelings that the current system was suboptimal by demonstrating a potential further 21%

reduction of the number of kits on the routes analysed would be possible (see Figure 34).

In order to test the hypothesis that it would be possible to generate a robust analytical model for
RA fleet sizing the literature was reviewed to determine appropriate fleet size calculation

methodologies for reusable articles. From this review process the Carrasco-Gallego formula was
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selected as offering the most potential. After a comparison of the formula against the optimised
simulation results it was obvious that there was no possibility for a constant safety factor to be
inserted into the Carrasco-Gallego formula based on the variability in deltas between the
optimised simulation model calculations and the calculation of the raw formula (N = D /T). This
result lead to taking the approach to develop a regression model utilising all variables that were
available to see if an analytical model could be developed that replicated the optimised
simulation results. The regression model given in Equation 12 was derived and, with the
application of a cross validation technique and a 95% confidence interval, successfully predicted
the fleet size when compared to that of the validated optimised simulation model (see Figure
41). In order to demonstrate the robustness of the regression model in a broader environment it
was tested on a dataset from the MedTech industry. The results showed an accuracy rating of
88.47% and pointed to a model that could be generalized in a different industry sector (see Figure

47).

5.2 Results Interpretation

The model derived from this analysis attempts to predict the optimised simulation results for
reusable article fleet size determination utilising independent variables N = D/T which is the
kernel of the Carrasco-Gallego model and the coefficient of variation of the interarrival rate,
Acov. It is possible to infer characterisation of the model through analysis of the coefficients
assigned to the independent variables. As can be seen in Figure 48 below there is a positive linear
relationship between the optimised fleet size and N = D /T. It can be derived from the formula
(Equation 12) that for every unit increase of N there will be an increase in the fleet size by a factor

of 1.72.
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Optimized fleet Vs N=DJT

Optimized Fleet size

‘N=D.-"T
Figure 48 Optimised Fleet Vs N=D/T
Considering the Carrasco-Gallego formula it can be seen that the inclusion of the term that
accounted for the ratio of average demand in a given time period, t, and the average amount of
turns a reusable article can perform in the same time period, t, is an excellent predictor of fleet
size determination. However when N = D /T calculations were plotted against the optimised
simulation results (Figure 35) it was shown that the gap between the two is highly variable.
Hence, the inclusion of a safety factor that takes account of the cycle time variation and demand

variation is required.

The stepwise regression modelling approach resulted in the elimination of all but one of the
variables tested, other that N = D/T . The other independent variable that was statistically
significant from the cohort of data was the coefficient of variation of the interarrival rate, Acov.

Figure 49 below shows the relationship between the gap between the optimised fleet size and

N = g X 1.72 plotted against Acov.
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Optimized Fleet size —N=D/T*1.72 Vs ACov

Arrival cov
1
L ]
¥
=

i . 3 12 id

Optimized Fleet size —N=D/T*1.72

Figure 49 Optimised Simulation Fleet Size - (N = g X 1.72) Vs ACov

The coefficient associated with Acov is 3.9 which suggests that the higher the interarrival rate
variability the larger the fleet size requirement is, hence, a route with Acov of 1.77 versus one
with 0.80 will require approximately 4 units more than its counterpart. The intercept is
meaningless in this equation as there is no possibility of having a zero measure for N = D /T or

Acov.

5.3 Hypothesis - Proven /Disproven?

The initial hypothesis was to test the statement that fleet size quantities developed as part of an
optimised simulation model can be replicated adequately with a generalizable analytical model
thus enabling fleet size managers to benefit from the application of advanced analytics through
an easily applicable analytical model. Breaking this hypothesis into its main parts enables analysis

of whether the hypothesis was proven or disproven.

Part 1: highlights that the results from an optimised simulation model can be 'replicated
adequately'.
Part 2: states that it is achieved using a 'generalizable analytical model'.

Part 3: details that it should be 'easily applicable'.
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To understand whether the results from the optimised simulation model are replicated
adequately the output from the original regression model analysis must be revisited (see Figure
41). In this model the adjusted R-squared value is 0.9662 which points to the fact that 96.62% of
the variability witnessed in the optimised simulation results is explained with the model
proposed; this formula was then applied to another dataset in a different industry where an
adjusted R-squared value of 0.9877 was obtained again highlighting that the model proposed is
explaining 98.77% of the variability in the new dataset. Such results prove that part 1 of the
Hypothesis is met and that that the results from an optimised simulation model can be 'replicated

adequately'.

Part 2 of the Hypothesis states that a 'generalizable analytical model' is developed as part of the
research. In order to test whether the model is 'generalizable' a cross validation technique was
incorporated to test whether the model will hold up in an environment of unseen data. The
output from this cross validation exercise demonstrated that the true optimized kit quantity fell
within the 95% Cl of predicted values. However, in order to test the robustness of the model
further it was applied to a new dataset in the MedTech industry resulting in an accuracy of 88.47%
when comparing optimized and predicted kit quantities. Such results provide evidence that part

2 of the hypothesis is met and that the model developed is a 'generalizable analytical model'.

Finally, Part 3 of the hypothesis suggests that the model is 'easily applicable'. This analytical
model requires the user to have access to factory systems in order to gather data on its reusable
articles regarding cycle time and demand interarrival time stamps. This data will undergo very
basic descriptive data analysis such as querying averages and standard deviations hence the user
will need to have a basic understanding of excel and its data analysis functions. The analytical
model which can easily be inserted in an excel spreadsheet requires the user to simply input the
findings and press return. Such functionality provides evidence that part 3 of the Hypothesis is

met and that the model developed is 'easily applicable’'.
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Given the above, it is therefore offered that the central hypothesis to this research that fleet size
guantities developed as part of an optimised simulation model can be replicated adequately with
a generalizable analytical model thus enabling fleet size managers to benefit from the application

of advanced analytics through an easily applicable analytical model has been proven.

5.4 Comparison with Previous research

When considering previous related studies, Carrasco-Gallego's body of work represents the most
in depth and comprehensive research in the area of management of closed loop supply chains
for reusable articles. In her research she identifies five main problems when managing reusable
articles one of which is defining the fleet size dimension. This is a problem for reusable articles
from a customer satisfaction perspective and tied up capital. If the fleet size is not sufficiently
large the system will not be able to meet demand, resulting in unhappy customers and lost
business. However, fleet size that is larger than is required to satisfy customer demands will result
in unnecessarily tying up capital in stock where it could be used elsewhere to earn value for the

organisation and its shareholder.

To address this issue Carrasco-Gallego put forward a following formula that accounts for average
demand (D) during time period t, average number of times (T') a fleet item is used during time t
and incorporates a safety factor to account for variability in demand (Sd) and cycle time (Sct).
The model that is developed in this research largely corroborates with the Carrasco-Gallego
formula in that the terms in the derived cross validated regression model include the D /T term
(Average Demand/Average number of times fleet item is used). There is also a term that accounts
for the variability in demand similar to the 'Sd’ term in the original formula however rather than
a factor this research has replaced 'Sd’ with a scaled value that accounts for the Cov in interarrival
rates. The only deviation from the original formula is that no cycle time term showed up as being
statistically significant. However, such a deviation could be due to the dataset being analysed and

so may warrant further investigation.
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5.5 Conclusion

The study was setup initially to explore whether it was possible to take an advanced analytical
methodology such as optimised simulation and develop a structurally simpler model to replicate
such results. This type of idea is not new as was shown in the literature review where we see
comparable studies in the areas of AGV fleet size determination. However, its application in the
area of reusable articles as defined by Carrasco-Gallego is new. Reusable articles by their
definition are an important mechanism for companies to embrace into the future when we
understand the finiteness of our natural resources and, as shown, in the literature the perception
of a 'green’' or carbon footprint aware company can have positive knock on financial benefits for

companies also.

For these reasons, the study sought to prove the hypothesis that fleet size quantities developed
as part of an optimised simulation model can be replicated adequately with a generalizable
analytical model thus enabling fleet size managers to benefit from the application of advanced

analytics through an easily applicable analytical model.

As highlighted in section 5.3 the main constituent parts of the hypothesis were met. The
theoretical implications of this work add to the body of research regarding the replication of
advanced analytical analysis using structurally simpler analytical models. More importantly,
however, the specific application to the area of Reusable Articles provides a methodology that

now corroborates and advances the current methodology for fleet size determination.

The model, although showing positive results from an accuracy and robustness perspective, is
limited by the maximum and minimum of fleet size requirements borne from the data on which
it is being trained. This means that the model in its current form would not be robust beyond
these boundaries; for example the maximum fleet size in the trained data was 45 suggesting that
if it were to be applied to a process where 200 items were required it may perform poorly given

that it has never been exposed to such data.
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In the Carrasco-Gallego body of work there were many case studies used to test theories. In order
to develop this area of research further more case studies are required to test the model with
varying levels of cycle time, interarrival variability and fleet size requirements. The model in
guestion was developed using 10 variables that were derived from the raw data; the derivation
and inclusion of additional terms in the model could improve the accuracy and especially around

the cycle time given its lack of inclusion in the current formula.

Finally, as shown in other studies the marrying of advanced analytical models with structurally
simpler formulae can work. The output from this research shows that it is possible to take
optimised simulation results and develop a regression model that is accurate and robust with a
cross section of industries. The main benefit from this study, however, is that through this work
the ability to determine fleet size determination in the area of reusable articles has been
advanced which will enable companies and industries to embrace a greener way of doing

business and in turn aid the longevity of our finite resources.
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APPENDIX A - MODEL DETAILS FOR REVISION 1 OF
THE SIMULATION MODEL

Table 6 Model Component Details

Process Flow

Name Component Function
The function of the
Calibration Kit route
Demand hierarchical block is to
Hierarchical group the different
Block Cslibration Kit Routas routes within the
bounds of this
research.
Queue Block
Throw Bleck
Create Black This flow of
Route

|Fowte]

Jl: /-s 32; { >£4] |-= i.]_[
hﬂ-‘ . v v

Set Block

components sets the
demand characteristics
for each route and
assigns a specific
attribute.

Create Block

Set items to be created randomly

Create | Opbions | Rem Animalion | Bleckanimation | Commants

p [+3
, Creates Bems aad valugs rasdomiy of by schedule Lo

Cancel |

Time ondls:  pEnRic"

Hem information

B quaniiy (0

Wi e
Totall creabed

A

\ ToAad ity

Totdd eiat

BRock iyp Resdincn

"model cefaull

Blue indicates dynamiclink to a database

In this block we set the
criteria for assigning
appropriate demand
distribution
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Table 7 (Continued) Model Component Details

Name Component Function
Database Name
TS_LinkTo. [Database Tadle v|
=
[Daa:au 1 .]
Tadle Name Fiatd Name
T
R aw - .
e This screen shows the
M Init messages ..
s dynamic link to
Create Block M Simmessages ‘Database 1’ which i
_ Dynamic ¥ Final messages atabase whnicn Is
; -| T Read-Only link where we store the
Link screen o
P P Ly ﬂ demand distributions
for each route.
1 Rowe ! L 7]
2 Rowe 2
3 Rogte 3
‘ Roue 4
H Rovte £
L) Rowe ¢ A
of s
A :
A Delete Link uok | cancer |
///
//
Database Distribution list per route
Assignsa valuetothe item passingthrough
2] (1657 Set <hem> = |- ]
| setp Bim Animation | Block Animation | Comments |
Asusigns pr fhes 10 items passing through i
Cancel | .
r Select which pﬂ][l.l'lll!-g IDSSEJQI'I'IIH'IE ibem In thls bIOCk We Want
Database:; [Database 1 ] to assign a unique
Progey T 3 A = .
Set Block e e ] e _ - | property to the item
passing through so as
= we can route it
T _lﬁ appropriately
[ Expand records if necessary
™ Show property name on input connedior
™ Shew propary value on inpul connadon
Biloc =
Helk Left to right - 4] | v [
4| [1109][560] Queue <Item> = [
Comments |
J Queue |Dpti0ns I Results I Contents I [tern Animation ] Block Animation I
Items wait here for downstream capacity = ThIS bIOCk stores the
_Cancel | items and is a
Queue BlOCk r Select queue behavior:

r Select sort method
Sort by |Firstin, first out

mandatory component
before a ‘Throw Block’
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Table 7 (Continued) Model Component Details

WRCcr Block

Name Component Function
Routes item based on attribule provided in “Set Block”
The function of this
component is to route
Throw Block P

Item beingsentto this location based on attribute.

]
]
f

i
§
b

j
:
]

UL LN

the item based on a
specific set attribute.

This block is
responsible for
representing the run
rules that existed
within the WRCcr
entity regarding the
cleaning of Calibration
Kits
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Table 7 (Continued) Model Component Details

Name Component Function
In this section of the
model the ‘Catch
Block’ catches the
items being ‘thrown’
from the ‘Demand
WRCBate H H ’
Equation Block — . hierarchical bloc.k .The
= ‘Set Block’ assigns a
Set Block ,_E=E= batch attribute of 1
WRCcr - A\ . . .
= which will be modified
Catch and ~ — = . .
Batch i = gpe , , B depending on its batch
attribute %&i&@ﬁﬁlwm :—E{ status further down
settmg W‘ECC—' o Batch Attribute s'ElTIF-Q - the I|ne The lEquation
i Block’ assigns a batch
section. , .
| attribute depending on
Catch Block Select In Block their ‘Route ID” only
certain routes can be
batched together. The
‘Select In Block’ assigns
the item to a specific
route dependent on
the batch ID
if(Route==3 OR Route==4 OR Route==5 OR Route==6) {
WRCBatch=1,
| else if [Route==1% OR Route==20] {
WRCBatch=2;
} else if [Route==21 OR Route==22 OR Route==23 OR Route==24) {
WRCBatch=3;
} elze if [Route==25 OR Route==26& OR Route==121 OR Route==122 OR
Route==127 OR Route==128 OR Route==129) {
WRCBatch=4,
} else if [Route==27 OR Route==28 OR Route==29 OR Route==30 CR
. Route==125){ .
Equation WRCBatehat: Cod.e for batching on
Block Code different routes.

| else if [Route==37 OR Route==38] {
WRCBatch=6;

} else if [Route==52) {
WRCBatch=7,;

| else if [Route==53 OR Route==54] {
WRCBatch=8;

| else if [Route==126] {
WRCBatch=3;

felse{

WRCBatch=0;
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Table 7 (Continued) Model Component Details

Name

Component

Function

WRCcr -
Batch
Section

Queue Block

Equation Block Batch Block

Set Block
Information Block

In this section of the
model the item is sent
to one of the 9
different routes by the
‘Select in Block’ as
identified in the
previous section. The
‘Equation Block’
monitors the quantity
of items that has
passed through it and
activates the batching
block when required.
The ‘Equation Block’
also monitors those
items that have passed
through but have been
reneged due to wait
time. The Queue Block
holds the items until a
batch can be made
however if after a
period of time an
equivalent item has not
arrived the item will be
processed forward on
its own or ‘reneged’ as
is known in the Queue
Block.

The Batch Block waits
on a signal from the
equation block which
indicates when we
there are 2 items
capable of being
batched. Lastly the Set
Block is responsible
changing the batch
attribute on those
items that were
reneged to a value that
indicates no batching
took place.
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Table 7 (Continued) Model Component Details

Name Component Function
count=count+1;
if ((count Mod 2)=0){
outCon0=0;
Equation }elseif(inCond > renege){ Code fOI" Sending
Block Code demand signal to Batch
Block.
count = count-1;
renege=renege+l;
telse{
outCon0 =1;
}
In this section of the
model we are
designing the logic of
how the kits flow
— oy through the tool. The 2
N P ‘Equation Blocks’
: assign specific run
Fauation Block states to the different
Select ltem Out Block routes and control
i  Information Block their release as
_',1 Eﬁf;ﬁ' required; they also
WRCcr- 1 Ll - — determine when the
Product flow PE_,V,Q m,,;ﬁ { ﬂiﬁ;ﬁﬁ' i ‘Activity Blocks’ are
section. | WAl M gy AN shut down for
. RI'E*QFFI g H o B i ;ﬁﬁ 8 maintenance / re-pour.
- ] v v Vg o9 % ~

ul

Gate Block

The ‘Gate Block’
controls the amount of
kits that can sit in the
gueue an process area
of the tool. The
‘Activity Block’
provides run time
details on how long the
batches of kits take to
process.
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Table 7 (Continued) Model Component Details

Name Component Function
if(WRCBatch==1){
state=2;
} elze if (WRCBatch==7 OR WRCBatch==9) | Code f ..
. Statezj_; ode Tor assigning
Equation 1 else if (WRCBatch==2 OR WRCBatch==3 OR WRCBatch==4 batch states to
Code 1 OR WRCBatch==5 ORWRCBatch==6 OR WRCBatch==8) { different routes to
State=3; enable routing.
}else
State=0;
1
if (statelq>=3
statel=0;
else
statel=1;
if (state2q=4
state2 =0,
else
state=l Code for controlling
. if (statelq>3 OR state2q >4) batch quantities to
Equation state3 =1 .
; different tools and
Code 2 L,
else determining the
state3=0; shutdown timings.

ifistatelouts? ==statelouts AND statelouts »1 AND state2q=2 AND
stateZouts<s)

state2=0;
ifistatelouts? —=statelouts AND statelouts =1 AND state2q=2 AND
stateZouts<s)

state3=1;
if {{statelqg »3) OR (stateZouts=4) OR (state? outs<5 AND state2==1])

reset=1;

else
reset=0;
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Table 7 (Continued) Model Component Details

Name

Component

Function

WRCcr — Un-
batching
section and
route flow
determinati
on.

select Item In Block  Equation Block
ESelect Item Out Block  ynbatch Block

—ggo ) . *
i'o g e _I‘ oy F 1y
y @ ... I"':Il' "]“ b

¥ r T Throw Block

In this section of the
model we unbatch the
kits to their unique
entities. The ‘Select
Item Out Block’ takes
the batching state that
was assigned in
previous sections.
Those that have not
been batched get
funneled past the ‘Un-
batch Block’; batched
items go through the
‘Un-batch Block’ where
they are split back to
their unique entity
status. The ‘Select Item
in Block’ simply takes
kits from multiple
sources and feeds back
to a single flow. The
kits then get processed
through an ‘Equation
Block’ where they get
assigned new route
codes based on where
they’ve been; for
example some routes
have the same process
step twice in the same
route; this is a way of
monitoring gty of times
through this operation.
After this the ‘Throw
Block’ determines
where they're going
next on the process
flow.
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Table 7 (Continued) Model Component Details

Name Component Function
if (Route ==21 OR Route==121 OR Route==22 OR This equation modifies
Route==122 OR Route==25 OR Route==125 OR Route==27 the route of items that
Equation OR Route==127 OR Route ==28 OR Route==128 OR have been through an
Code Route==29 OR Route==129) operation in order to
Route = Route+100; track where in the

glse
Route = Route;

process they have
been.
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APPENDIX B - MODEL DETAILS FOR REVISION 2 OF
THE SIMULATION MODEL

Table 7 Model Component Details for Revision 2

Component Function

Queue Block

Throw Block
Create Block l
[Rioute]
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Table 8 (Continued) Model Component Details for Revision 2

Sets Items to be created randomly

1902 Crete <hem> =Tols
[ Creat \-] Options | Rem | Block 1jiC |
Cleaus\ s and values randomiy or by schedule @ =]
aNce|
- Select block behavior In this block
| Time units: generic* we set the
r Configure random time batween armvals (TBA) . .
Create Crnate e g criteria for
Block rSpecfya for TBA ritern assigning
Rom quantty (©) 1 appropriate
N 5 Maxitems:
: m¢ %8 o ;,Eﬁf;ggi?jm :o: restea demand
i — _‘@ ——— distribution
: \
Block type: Residence \ *model default
\
Setting filter to accept an empirical discrete distribution.
Assignsavaluetothe item passingthrough
<1 [1126] Set <ltems e B ] )
Set P Bem Animation | Block Animation | Comments | In this block
Assigns pr ties 1o items passing through ok ] H we want to
_Cancel | assign a
r Selact which i ign y .
Seledt propanies 1o assion 1o the item unique
Database: [Dalabase 1 - tv t
[ Frogary Hare Vo Toa il R - property to
Set Block Ul Rem . & . A A the item
passing
| through so as
S ' we can route
[T Expand records if necessary it
[T Show property name on input connedior .
™ Shaw propirty value on inpul connadion appropriately
Bilock =
Hel Left ta right 1] | r[
+ | [1109][560] Queue <ktem:> =
Comments | This block
J Queue |Dpti0ns I Results ] Contents I ltem Animation ] Block Animation I stores the
Items wait here for downstream capacity = items and I
Queue _Cancel | a mandatory
Select queue behavior:
Block component
before a
rSelect sort method ‘Throw
Block’

Sort by: |Firstin, first out |
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Table 8 (Continued) Model Component Details for Revision 2

Throw
Block

Routes Item based upon attribute provided in ‘Set Block”

_Heip | /; L — fa

Item sent to this location based on attribute
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respective

route.
Table 8 (Continued) Model Component Details for Revision 2
This flow of
components
Catch Block Activity Block represents
- .
Use N, the time
. |
section - T delay
of the _ b experienced
Process HE when a
flow DNE4.002A Calibration
Kit being
Resource Pool Queue utilized by
the module.
Specifies the name with which this catch item is associated with
] [584114] Coteh i <hem> = FoR
| Catch | Throw Eln:'lc,g. | mem Animation | Block Animation | Comments. |
Fbamﬁusﬂamssanlm}mﬂrhnmruwhmhhck Il = The
y Ecana] function of
Catch group oplion
Catch tern group: [FEgen ] this block is
Departures. to catch
items bein
Catch _ g
lock Slocklypa: Dacislon thrown
Bloc
from Throw
Block within
the Demand
Hierarchical
] block.
_Help |puestoza JLeMtafight =] < P
The name of the Catch Block
Name of pool from which the
Calibration Kit is going to be pulled
:;':s&a;::s;".qum <tem> = ol 53
Comphents | _ 3
Queve |F>ohcns | Resurs | Contents | tem Animation | Block Animation |
‘ |
Items wait hiere for dovwmstream capacity .
o = This block
A simulates
elect resoutce pools and set quantity .« .
e the activity
Reso urce Resource ou;nhry from H
: Lt of pulling a
Pool s -
Queue . ) Calibration
‘ Kit from
oo Baceers stock for
use.
_Jm‘xumnw vl i

The Quantity to be removed from the
Resource pool upon receiving signal.
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Clean
sectio
n of
the

Proces

Table 8 (Continued) Model Component Details for Revision 2
Sets ltems to be delayed by a distribution
115}, Aciy <her> EEes |
[ Bipck Aremation | Cammants |
| Process "'.] Cost | Snusdown | Preempt | Results | Contents | mem Animation | )
Prnﬂml&uormlhmmmnullﬁ III =
oulpals sach fbem &5 Soon a3 it is Anished Cancel This
r Detne mnx componen
[ "] i in Infin il
I t of the
- Spacty processingfime (aeiar) simulation
Delay is: [5p Bl By @ Disinbulon Dlay (D 210,54 e unils
Oisiibuton mlodel
Activit o replicates
y z %»if%%’f;%iij Frat Sample the delay
1 Plot T:
Block - “‘“’m“‘”ﬂi@ S experience
d by the
- calibration
\ Use block seed: |14 .
| B kit through
Define other processing behasor - '|III |tS Usage
™ Siruilale multasking acity \
| stage.
\ 4
Biock vpe: Residence ".I
Haip [ et w]o| |

Activity Block

Setting filter to accept an empirical discrete distribution.

.ﬁ

s flow

Information Block

Queue Pool Resource Release Exit BI
<] [1109][560] Queue <ltems Lo [ This block
Comments |
J Queue |Dpti0ns I Results ] Contents I [tem Animation ] Block Animation I stores the
ok | = items and
Items wait here for downstream capacity m . isa
Queue Cancel |
Block rSelect queus behavior: ma ndatory
componen
t before an
rSelect sort method ’Activity
:
Sortby. [FISTR.TrsTour ] Block
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Table 8 (Continued) Model Component Details for Revision 2
Sets ltems to be delayed by a distribution
ﬁlllwxm <hems
| Arémation | Comments
| Prwm;?.‘ Cosl | Shutdown | Preempl | Results | Cordents | Mem Animalion |
Processes of more ilems samulaneously; lII -~ ThIS
oaipais sach' a8 socn A% it is Bnished
e component
[ Cetnio cap
Maximumn Aemsg i aclvily. Infinity <& Of the
'Salﬂrm:ln}ﬁmldﬂm simulation
Dielay is: (EEecles by 3 denibuion ] Delay(Dk 21084 firse units model
R replicates
Activit =
y ] pot s | the delay
Block : DM DGR Plat Tatle | .
wink | « ...IE-I experienced
by the
I".I ™ Use block seedt 14 calibration
\ : .
 Dedine other pr ng bahador + klt through
I Simulats multtasking acity \ its Clean
= stage.
Biock ype: Resgence
siog [ Juemean ]| [
Setting filter to accept an empirical discrete distribution.
Name of the Resource pool to release items back to.
| Release | jtem Animigtion | Block Animation | Comments |
Releases the specified n of Resource Pool units LT gy
Cancel
~Select release behavior This
Release: [EoalTesourcesy) component
~Select how 1o release and the quanyty of resources 1o release of the
Release by, [name o [NonMetal | model
Pool I~ Mresource pool names are duplicated, find only closest releases the
00 Fssmomser ) ibrati
Release quantty. (Biedoumder J1 calibration
Resource ' kit back
Release ™ Show Resource Pool block names/on icon It back to
I™ Show Resource Pool block numpers in dialog the
Resource
Block type:  Passing
pool from
which it
came.
Help l Leftto right v]”l I ’ rj
Quantity of resources to release to the pool.
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Table 8 (Continued) Model Component Details for Revision 2

. . This
[v Calculate TBI and Cycle Time statistics
component
) Time between items (TBI) is utilized
Information ;
Block Current 04862 Minimum: 0.0007 0 measure
Y . —~—rrr output
Average: 23627837 Maximum: 26.865 P
from the
model.
« | [755]1185] Exit <ktem> = |2 ][5
| Report [ animation | Comments |
0]:% —
Passes items out of the simulation This
Cancel
r Reports results component
. removes
[ Mumber Exited_ Ignars Ressts J Total exited:
) = the
Exit Block t 4206 4206
demand
signal from
the process
flow.
Y 3
Resource Pool Name
| [1484] Resource Pool <hem> o [@ =
| ResourcePool | Copt | Results | Block Animation | Comments |
Stores resources for use in the model ILI : )
_Cancel | This Block
r Select resource pool behavior: is
resource pool, .
responsible
 Define resource pool,); for hoIding
Poolname:  CK1 the
Resource Initial Aumber. 120 Calibration
Pool Allocate resources 1 qualified items by Kits,
™ Onlytry the tog sorted item releasing
r Stop simulation djnumber of released resources
will exceed number available them and
] accepting
them post
Block type: Sink
clean.
Hel w 4] | [z

Quantity of items that are held in the Resource

Pool at the start of the Simulation Model
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APPENDIX C - OPTIMISER DETAILS

Table 8 Details of the Optimiser Block included in the model

Name Component Function
This block contains the
functionality to sit on top of a
Optimizer ﬁ discrete event simulation model
Block CK Optimizer and provide an optimised
solution within current
constraints.
Varishles foruse inoptimizationequation
,"IBH].\thirrinu <Value> =
MUVIQ.S Run Parameters | Constraints | Results | Comments |
smun.o;iqunumuluumummpmn:qrmnmmummsu e -LJ o
Caninue Run Cancel |
Enter m:mmil"m and madmiam imits for the vanables 10 be oplimized {leave Bank for mosel dUlpals)
i ot {rosam ]
| . .
. : | This is kernel of the block which
Objectives 2 . -
8 = determines the objectives of the
and Lk | Cl . . e L.
. optimizer through identification
equat]on [ Enter an equation in e ferm: MinCost (o MasProft) = squationVar . ..
tab e of the variables and outlining of
numivaming = (verageiumbar 1000000 the equation.
nCost » numWaiting+Resource;
rigtp | Gtrmcer ) -
Equation for determining optimized safety stock levels
In this equation we are defining
2 variables for the optimization
model. The ‘Resource’ variable is
an input that is fed into the
Finds the optimum value {maximum profit or minimum cost) w Resource POOI B|0Ck In the
Continue Run Cancel . .
Enter minimum and maximum limits for the variables to be optimized (leave blank for model outputs) SImU|atlon mOdel' AS part Of the
- E.:La;:;:-;;;am; caﬁbil?::mlp Elc'::hkrr\;:a;be Row,Column k‘\rlrn_.,r:; Limit n‘axurr_g Limit Cwe_rzla\‘all.e i‘ des|gn We have deﬂned
. 1 AverageNumber  Calibration Kit P Queusl engthAv 0.0304888356555 . .
Variables 2 arbitrary min and max
: boundaries for this input. The
: second variable known as
[ Link | <] JZI Average Number is taken as an

output from the Resource Pool
Results Tab which monitors the
average number of requests
waiting in the queue.
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Table 9 (Continued) Details of the Optimiser Block included in the model

Equation

[ Enter an equation in the form: MinCost (or MaxProfit) = equationVar...

Integer numaiting;
numWWaiting = (AverageNumber*1000000);

MinCost = numWaiting+Resource;

In order to run an optimization
model we need to define the
linear programming equation.
In the equation we firstly
define an Integer variable
called ‘numWaiting’.

We then assign a formula to
this variable which takes the
average queue qty for requests
in the Resource Pool called
‘AverageNumber’ and Multiply
it by 1 million. We take this
variable and insert it in the
‘MinCost’ equation whose goal
is to minimize the formula
using the identified inputs and
within the run parameters. The
other term in this formula
include the ‘Resource’ qty that
is an input into the resource
pool at the start of the
simulation run which defines
our starting kit qty. The
equation should function like
so:

Any time during the model run
that there is an occasion
where we don’t have enough
stock and cause a queue of any
number. By multiplying
‘AverageNumber’ by a million
we magnify the effect so as
when we try and minimize the
equation the model will,
assuming our min and max
constraints are set
appropriately, always reject
any scenario that has caused a
gueue of any size and we will
be left with only those
scenarios whose resource
number references the actual
stock quantity that was used.
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Table 9 (Continued) Details of the Optimiser Block included in the model

1 326] Optimizer <Value> = 5=
Objectives| Run Parameters | Constraints | Results | Comments |
New Run 0K o
Finds the opimum value (maximum profit or minimum cost) e

Continue Run Cancel

[ Select default settings for run parameters

Random mode! Non-random model
Quicker Defaults | Quicker Defaults | ¥ Show plot during run
Better Defaults Betier Defaulls Clear Plotter
[ Define non-default cases and

Run .
Parameter e These parameters outline the

- ot boundaries of the optimization
S for the Define termination condition. p

Check convergence after: 50 run.

Opti mize r Terminate optimization after: 1000 cases

" Do notterminate until maximum cases is reached
' Terminate if best and worst within:  [0.95

[ Select options for non-default advanced cost statistics (random models only)

& Always use Mean of samples [ Use Antithetic random variates
" Mways use Median of samples I™ Truncate tails for Mean by: 0.2
" Try both, using best for convergence

“enter 0.200( for XX X%

Help vl [

APPENDIX D - ROLES AND RESPONSIBILITIES IN
THE CALIBRATION KIT DECISION ENGINE PROCESS

MT Calibration kit Coordinator Roles and responsibilities.

1. Ensure at the Start of Shift that inventory of Calibration kits is sufficient for the monitors
due.

2. Monitor inventory levels in the Functional Area to ensure used kits are proc’d out and old
kits do not build up.

3. Provide incoming shift with a clear passdown and information on Calibration kit
availability.

4. Meet regularly with Engineering to review performance/ issues/ Areas for improvement.

5. They are the first point of contact on shift in the Functional area for all Calibration kit
related issues.

6. Disposition and flagging of Kits on hold on their routes.

7. Identify and removal of Ghost kits from the system.

8. Co-ordinate Emergency Starts.
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9. Train all other MT's on correct procedures and disciplines with respect to the use of
calibration kit 's.

10. Become a source of Knowledge for all other MT's and supervisors on calibration kit
related matters.

11. Provide support to engineering on calibration kit related experimentation.

MT Calibration kit Coordinator's supervisor roles and responsibilities.

Sign off on Emergency Starts
Embed the calibration kit Coordinator role as part of the Core Job.
Ensure that the expectations outlined are reviewed and discussed during 1:1's.

Ensure that the calibration kit Coordinator performance is recognised at review period.

LA A

Ensure that the calibration kit Co-ordinator is provided with the Time to carry out his roles
and responsibilities and is given the time to complete the proposed training.
6. Encourage the calibration kit Co-ordinator to roll out training or calibration kit Updates to

all of the MT's in the functional Area at staff meetings or cluster meetings.

Shift Manager's roles and responsibilities.

1. Ensure that there is a Full Matrix of calibration kit coordinators for the Shift in place at all
times.

2. Ensure that calibration kit Availability and Management is an agenda item at Start of Shift,
mid shift and end of shift meetings.

3. Calibration kit capability, management and execution are part of every Supervisors
Expectation plan.

4. Ensure that all calibration kit Coordinators are given the opportunity to attend the

proposed training and any supplementary training that is needed.
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APPENDIX E - QUALITATIVE FEEDBACK

Feedback Interviewee 1 (11)

The main focus for 11 was to ensure the clean process meets factory demands from a
calibration kit perspective and causes no impact to factory output.

This needs to be done using a minimum amount of Calibration kits. At the time of the
interview calibration kits outnumbered production by 5 times.

A statement was made about the calibration kit process as being equivalent to a Mini-
Factory.

Tools logged into a down state for wait Calibration kit provide the main metric for
calibration kit area performance.

Cycle time is being analysed for entire flow however breakdowns between Clean area
and queue and process cycle times are not being monitored.

Feedback Interviewee 2 (12)

12 is working with sister companies on Calibration kit issues and so has a unique view
and opinion on how things work. He wanted to ensure that whatever methodology was
devised on this technology could be transferred to other technologies down the road.
He highlighted his desire for it to be simple, if it becomes overly complicated and
complex it won't be used and would become difficult to maintain. His initial feeling was
that he had worked in this area for the last 3-4 years and the level of complexity was
really high.....he had spent the last 2 years trying to simplify the process and take an
abstract view of it so as it became manageable sacrificing some accuracy e.g. 80%
accurate Vs a load of complexity for 90-95%.

The current system devised by 12 calculates calibration kit usage in the different areas by
taking 30 day and 4 day averages which | will go into more detail in follow on sections. 12
feels that this gives him an accuracy which right now he’s happy with.

12 is definitely interested in how the variability of usage and clean could be incorporated
into a methodology. The current system tries to dynamically understand usage by taking
a long and short term view however the clean time is currently a static hard coded figure
which is not dynamic and hence doesn’t represent reality.

He suggests that | should be looking at any methodology from an operation perspective
rather than a route perspective...after all when the clean area are processing kits they
don't batch by route they batch by operation and many different routes contain the
same operation.

I2 states that once a calibration kit is passed through Clean it’s no different than any
other calibration kit coming out of Clean however due to route restrictions calibration
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kit’s have to remain on their route and so according to him unnecessary constraints are
being placed on the system.

12 wants the final methodology to be as generic as possible and easily transferrable to
the next technology and possibly sister companies worldwide. 12 would like any derived
methodology to take this Calibration kit process and provide the users with a platform
that represents its logic and to allow experimentation in all aspects of the system such
as reducing variability in process times, queue times, batching, wip management rules,
bagging opportunities, priority strategies etc.

Feedback Interviewee 3 (13)

I3 felt that the module areas management of the Calibration kits is a key concern when
it comes to the Calibration kit process.

I3 demonstrated this fact by showing a Calibration kit route that was highlighted as
priority 1, e.g. needs to be processed through the Clean area as quickly as possible, and
through the “Days at Operation” column showed that Calibration kits had been left to
accumulate for a period of time and then processed through to Clean in one go leaving a
short fall in the module area and pressure on the clean area to get processed.

I3 states that this mismanagement leads to tools going into ‘Wait CK’ status which is one
of the key metrics with which the Calibration kit process is measured by.

Regarding a methodology 13 stated that anything that would heighten the Calibration kit
module owner’s education regarding Calibration kit management would be of benefit.

Feedback Interviewee 4 (14)

14 stated that there are times that the Clean area gets ‘dumped on’ with a large quantity
of Calibration kits with the expectation of a ‘miracle’ to get the kits back to their area as
quickly as possible.

|4 states that a constant flow from the modules would be of great benefit as it would
ensure that the Clean area always had capacity and that areas would not be going down
for ‘Wait CK’.

14 went through a daily report that detailed why areas were going into ‘Wait CK’. Over a
1 month period 74% of down time in the ‘Wait CK’ status was due to ‘Poor CK
Management’.
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Wait Calibration Kit reasons

Poor CK Mgmt
Reason 2
Reason3

B Reason4

Figure 50. % of time spent by tools in 'Wait CK' and their respective reasons

14 states that some areas operate using Calibration kit tracking, this system
automatically is able to test (PRE status) for kits that are appropriate for their purpose.
This differentiates areas through their visibility of the quality of calibration kit’s available
to them.

Feedback Interviewee 5 (I5)

I5 speaks of how they can get dumped on with kits; this is largely caused by the lack of
calibration kit management according to I5. 15 spoke of how there may be 1 calibration
kit owner per tool area however this causes issues as this person is on shift and so is
only available for half the week and may not look at the calibration kit situation until
near the end of his shift.

I5 speaks of the fact that they only look at the CT for their own area, e.g. Clean area 1
looking at Clean area 1 cycle time and Clean area 2 only looking at Clean area 2 etc; CT
for the entire process flow is not monitored. This can reduce visibility for Modules on
when they send Calibration kits to clean as there is no guide on how long it takes to get
back to the module. 15 suspect’s reasons for this may be due to the fact that that some
of the tools involved in the Clean process are not within Clean control and are reliant to
compete with production kits for tool time. Secondly Calibration kits cycle time is largely
dictated by their priority assignment which determines how quickly they are run
through the process.

I5 highlights that rules governing the days of inventory calculation are hard coded and
have shown on some occasions to cause inventory build up on certain routes due to
rules that are no longer mirror reality.

Avoiding ‘Wait CK’ downtime is ‘king’ according to I5. Focus for everyone is to ensure a
module does not go down for “Wait CK’ which can result in the purchase of new kits’s for
mismanaged routes which in the long run results in routes having more inventory than
required.

Feedback Interviewee 6 (16)

16 used an interesting analogy when describing the main issues in the Calibration kit
process.
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e He stated; When it comes to gases, chemicals, spare parts MT’s view these consumables
as somebody would view their electricity, gas or water, has to be used that's
that....however when it comes to calibration kits modules view these like MT’s would
view their income....needs to be minded, they own it, they're going to save it. This has
been seen to drive mismanagement of the calibration kit process and so results in
inventory build.

e |6 stated that not all areas use Calibration kit tracking as they prefer to manually
manage the kits in order to take advantage of the cycling capabilities of used calibration
kit’s.

Feedback Interviewee 7 (17)

e |7 sees that the main issues regarding the mismanagement of the Calibration kit process
is due to the fact that not all areas are managed by the Calibration kit tracking system.

e |7 would like to see the removal of the manual process and let the Calibration kit
tracking system run the process.

e |7 would be really interested in understanding how a developed methodology for
optimised Calibration kit fleet size could be incorporated into the Calibration kit tracking
system.

APPENDIX F - RUN RULES

Tooll
This machine can take eight kits at a time, i.e. can have eight kits on these tools in one go. The
kits are loaded in batches of two. They’re not constrained by route but the operation needs to
be the same. Tooll has to run operations in a specific order which is made up of these three
states; State 1 (Operation X or Operation Y (4 batches (8 Kits) then replaces the cleaning agent in
the machine), State 2 (Operation Z, 5 batches (10 Kits) then replaces cleaning agent in the
machine) and State 3 (all other operations). Preventative Maintenance procedures are time and
counter based.
Tool2
This machine can be loaded with five kits at a time. Not constrained by route or operation.

e Operation ‘L’ runs with Operation ‘M’, One ‘L’ operation kit is always run with 4'M’

operation kits this is a process requirement.
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e Operation ‘L’ also runs with Operation ‘O’ (no constraint on number of ‘O’)
e Operation ‘P’ or Operation ‘Q’ never run with another operation.
Tool3
This fleet contains only 1 machine and 1 operation.
The machine can only take one kit at a time with a 3 to 4 minute delay between the output of

the last kit and the input of the next kit.

Tool4

This fleet of machines takes one kit at a time, no cascading was evident apart from very rare
occasions where a kit can be loaded on 2 minutes before the last kit finishes. For the simulation
model it was safe to assume that the kits run one at a time.

Tool5

The process times are determined by routes and operations; for example two routes can have
the same operation yet they have different process times. There are two load ports on Tool 5,

7

which allows for cascading of kits. So for example a kit on route 5 on operation ‘C’ when run
takes 1.39 hours, a second kit is loaded 10 minutes after the first one however because the
second kit has been loaded whilst the tool is working on kit 1 the process time appears a lot
longer e.g 2.47 hours. Taking 1.39 hours as the time it takes to process the kit not in cascade
mode and calculate the gain by cascading the kits i.e. running the second kit right up behind the

first one we're looking at a saving of approximately 7 minutes per kit, so for example cascading 8

kits will have a process saving of approximately 49 minutes on the 7 kits after the first kit.
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Figure 51 Visual Diagram of kit flow in Tool5

Figure 20, depicts the operation of this machine. The dirty holders containing the used kit sits on
Load Port 1 (LP1) and Load Port 3 (LP3), the empty holder which takes the cleaned kit goes on
Load Port 2 (LP2) and Load Port 4 (LP4). The first kit is taken in and uses both polish left and polish
right. The way it works is kit 1 sitting on LP1 has a component taken in by robot into the drier;
this component then goes into the Polish left. The next component from kit 1 is then taken into
the drier and then goes to Polish right. When the components are finished in the Polish section
the robot takes them and places them in clean 1 the robot then takes them out and places them
in clean 2, after this step the robot places the component in the clean holder. This process also
happens on the right hand side. Once the 19th component from kit 1 is back in the clean holder,
the robot will start taking components from the second kit as one of the polish sections will be

free, e.g. (1 component in POL right, CL1R, CL2R, CL1L and CL2L but POL left should be free).

One of the routes for operation 7215 is different because the kit is restricted to operating on one
side of the Polish tool, e.g. the components can only run on Pol Left, hence increasing the time
for each kit to get through. This route is only run on Tool 5a.

Tool6

Kits can be batched in two's. The operation needs to be the same for both kits, however, it's not
constrained by route type. The machine can take a max of four pairs in one go.

Tool7
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Kits are batched in two's and are not constrained by route but they are by operation. The machine
can take a max of eight kits in one go.

Tool8

Kits are batched in two's and are not constrained by route but they are by operation. The machine
can take a max of eight kits in one go.

Tool9

The machine is a cascade tool with two load ports. Two kits can be loaded at the same time,
however, the second kit will sit in the load port until the first kit has all its components taken into
the tool.

Tool10

This machine batches two kits at a time and can have eight kits running on the machine at any
time. The kit needs to be at the same operation, however, the route does not have to be the
same.

Tool11

This machine allows kits to be cascaded. There is one operation; however there appears to be
different process times for different routes. Kits that are cascaded are showing a 10% saving in
process time.

Tool12

This fleet of machines takes one kit at a time, no cascading evident apart from very rare occasions
where a kit can be loaded on two minutes before the previous kit finishes. For this analysis

assume that the kits run one at a time.
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