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Predictive quality modelling of polymer and metal parts fabricated

by laser-basedmanufacturing processes

Hamed Sohrabpoor

Laser processing techniques are widely used in industrial applications for their
repeatability and reliability. However, the optimization of a laser process for a specific
application is challenging and require detailed ezikpental investigations to
detemine the input processing conditions and parameter values that deliver high
repeatability and reliability. The objective of this doctoral work \ilzereforeto
develop prediction models for laseased processing techniquesunderstand the
laser processpg parameter relationship with the output properties and to forecast
events not observed experimentallyhe important techniques @elective Laser
Sintering (SLS)Laser Surface Texturing (LS&nd Selective Laser MeltingbLM)

were selected fatevelopnent of thepredictve modek.

For SLS of glass filled polyamide parts) Adaptive NeurcFuzzy Inference system
using Simulated Annealing methQANFIS-SA) and GreyRelationalAnalysis (GRA)
were utilised to determine pressing paramete(aser power and scan speed, spacing
and length)delivering best mechanical properti@gsnsile strengttand elongation)
ANFIS-SA system outperformed the GRA in finding optimal solutions lier $LS

process applied for glass fiber reirded part production.

For LST study Artificial Intelligence(Al) models weredevelopedto predict the
properties(diameter increase, insertion force and pullout fofelaser processed
stainless steel 316 satasused for interference fiArtificial Neural Network (ANN)

and ANFIS were used to predict the characteristics of laser surface texturing. The
models based on feedforward neural network (FFNN) wseeto examine the effect

of the laser process parameters for surface texturing on 316L cylinginsaThis

study demonstrateithat ANFIS prediction was 48% more accurate compared to that
provided by the FFNN model.



Stainless sted16L cylindrical pinswith defined surface structures for interference fit
application were manufactured bythe Selectve Laser Melting Additive
Manufacturing technique The fabricated pins were assessed for resulting bond
strength within interference fit joints. The effects of texture profile on the insertion and
removal forces were investigated using H®ehnken design foResmnse Surface
Methodology (RSM) and results are presented and discusbidy#s Of VAriance
(ANOVA) was used to check the adequacy of the developed empirical relationships.
Two quadratic models were generat®de for correlation between profile gaetry

and insertion force and second for relating the profile geometry to removal force. The
models were validated using experimental results and demonstrated good agreement

with less than 10% error.



Chapter 1

Introduction

1.1. Introduction of laser and its application in industry

T h e tlLaseois thé abbreviation ofight Amplification by Stimulated Emission
of Radiation Laser technology is at the centre of the vast area of photonics, due mainly
from its many specific features including wgliided ight emission allowing the
heating of a targeted area. Unlike most lamps which emit light beams with a wide

optical spectrum, lasers have narrows optical wavelengths.

Lasers can be operated as continuous or pulsed beam emission with pulse width
commonly \ariable form femtoseconds to microseconds. The intensity of laser beam
can be controlled more easily compared to other sources of energy. These features

make the laser vey functional compared to traditional manufacturing process.

The laser has great vaeof applications in manufacturing such as drilling, texturing,
machining, welding, cladding, cutting and recently in fabrication of sophisticated parts

via metal Additive Manufacturing.

1.2Introduction of SLS and SLM

In the Selective LaseBintering (SLS)processthe laser employed to melt polymer
powders. In order to reduce the thermal distortibe,polymempowder bed should be
heatedo below the melting point of the material. After that, each laygntsered with
thelaser forbinding the materialThe melted powder shapes the paraducedand the

un-sinteredpowder can act as a support to the built parts



In SelectiveLaseMelting (SLM), with the use of a Nd:YAG or fibre laser, metal parts
are produced. The process is almost sasn8ls5 except stead of polymer, metal
powder has been used and higher energies are required for melting th&hidtedn

be used tomanufacturesamples with very complexiesigns. This technology
represents a realistic alternative to many conventionalufaaturing tebniques. It
has been well shown that SLM allows the fabrication of neardkdisity high
resistance metallic components via fusion andal@ification of the fine metallic

powders

1.3. Challenges in laserbased additive manufacturing from modelling

perspective

Although the lasebased additive manufacturingrocessis considered as a new
industrial revolution of fabrication of parts, there are some challenges in regard to
modelling and optimization. Some common challengestain iraccuracyin the
geometry and undesirable surface texture. All thésadvantagesan besignificantly
addresdy better understandintpe limitations of this process

In development of SLS and SLM, controlling of output parameters is very challenging.
Because of thénferencirg of many input parameters and process noise, finding the
most important factors is difficult. Achieving an approximate model/ equation for each
process can play a significant role in reducing the process cost and in saving time and
energy. The next chahlge is to select the most accurate model for each specific
process. Hencejn order to determine the lasbased manufacturing process
parametersvhich are suitabléor specific needs in terms of material, tightness level,
applied and removal force, andiadility, artificial intelligence approaches can be
further examined and investigated.

Also, different types obptimisationneedto matchwith the specificities ofaserbased
manufacturing processAs this process generates a complex network of 3D
geomdries, numericaland intelligentmodels need to combine the resuls from

fabricated parts the analysis



1.4. Use of predictive modelling techniqus in industry

Artificial intelligence technology is now making its way into manufacturing, and the
machinelearning technology could hold the key to transform factoiethe near
future.While Al is poised to radically change many industries, the tdoggas well
suited to manufacturingAl will perform manufacturing, quality control, shorten
design time, anceduce materials waste, improve production reuse, perform predictive

maintenance, and m®r

Approximation methods which are related to artifiorélligence are secondary tools
which use data generated through experiments for estimaitibre manufactuing

process outputs

In this thesis work, various type simulationswasemployed to generate a mapping
relationship between the process factors and the experimentally observed responses.
In order to achievdhe best mechanical characteristics, the aaglimodel was
developedwith the simulated annealing algorithm as an ohbjectfunction. Grey
relational analysis (GRA) as a mutésponse optimization technique was also applied

to evaluate which modelling technique could perform best for defining tleegso

elements to obtain the highest mechanical properties

1.5Motivation

This doctoral project was focused on the development of predictive modeleefor
laser sinterin@nd texturingprocessLaser processing is a mature method, developed
over several dmdes and used widely in industry due to the reliability and repeatability
of the process. However, laser mater interactiothe SL3melting and texturing
processess a more complex phenomenon and involves a number of physical and
chemical processes suas heat transfer, breaking and building of chemical bonding,

plasma cretgon, melting and solidificatiooccur.

In order to predicthe behaviour otthelaser sintering process for future or unknown

conditions, the existing laser sintering results mesexamined in detail to generate



new information. This information can Warther processedy different machine
learning and artificial intelligence tedigues. Predictivemodelling techniquesan be

used to understand different patterns available withige sets of data

Due to inherent nofinear relationship between the laser sintenmgjting processing
parameters and final part properties, stan@angirical functions cannot be used to
develop predictive models.

The development of predictive madliley deynes the process of developing a model
in a way that we can understand and quantify the n®geediction accuracy on

future, yetto-be-seen datdl].

The prime motivation of this doctoral project was to develop accurate predictive
models for the laseirgering and texturing processes. Beside accurately predicting the
further results, the developed predictive models should also help to intdreret t
process and behaviour of different output parameters and their dependencies on input
processing parametershe developed models should also help to better and further

understand the overall laser sintefmgltingand texturing processes.

However, inorder to develop models with higher accuracies, the models inherently
became more complex and it becomesextbfficult to interpret them. The simulation

runs of these models then require higher processing capabilities and longer run times.
[2].

In the poduct design phase, the tolerances in the geometry of the produced part are set
according to manufacturing process capabilityand final part functionality

requirements.

In Additive Manufacturing (AM), the automation and digital control of physical
processes currently still results in geometrical inaccuracies of the produced parts. This
problem of geometry cordl in AM is a significant challenge in designing of AM
producel products, particularly in setting required and achievable tolerance levels.
Predictive modelling can be used to address shape deviation problem which is critical
and challenging in AM[4].



Unl i ke other manufacturi ng p roadelingaresnets , AM
mature yef5]. The research field is still in its infancy, but it benefits from the maturing

age of data mining and analytics and machine learning techniques and their successf
applications in many engineering domaiWth increasing vlumes and varieties of

data, machine learning has gained extraordinary popularity due to its ability to explore
complex patterns in observed data and make-diatan predictions or decisions10

new data.

1.6.Research objectives
The aim of the thesis was achieved through a number of objectives:

1. The identification of best method for the optimizatiorthad SLS process of glass

filled polyamide parts.

2. Finding the best soft computing techniquaakihcan predict the results thfelaser

surface texturing process.

3. Finding the effect ofheinput parameters on responsésager surface texturing of
316L stainless steel prefts.

4. Fabrication of presft texture with new manufacturing approachwbetter output

specification compad to traditional methods.

5. Finding the highest insertion and removal forces through mathematical modelling

method.

1.7.0verview of work and thesis structure

This thesis is comprised of six chapters: chapter 1 intrattnte work and provides
context forthe following chapters. Chapter 2 will present an introductighetheory

and coreconceps of modelling and optimization techniqyescluding Design of
Experiments DoE). Chapter 2 will present an introduction teebry and basic

definition of lasersurface modification. The reason behind utilising of optimization
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approachesare also presented. Then, general guidelines for condut¢tiad®oE
explained. Finally, some approaches related to-aumventional methods are

presented.

Chapter 3s focused oradvanced modelling and optimization methddveloped for
obtaining the best mechanical propertiesaofl additive manufacturing process,
selective laser sintering, whichanufacturedlass filled polyamide partfn order to
achieve best mechanical chetexistics, the acquired model was used by simulated
annealing algorithm as an objective function. Grey relational analysis (GRA) as a
multi-response optimization technique was also applied to evaluate which modelling
technique could perform best for dafig the process elements to obtain the highest

mechanical properties

In chapter 4, two machining learning approachetsfical neural network and
adaptive neurduzzy inference system were used to predict the clarsiits of laser
surface texturingf interference fit jointsThe reliability of theaforementionedhodels
for the output prediction of the laser surface texturing system were investigated by

using the data measured from experiments

In chapter 5, follwing up to previous chapter, a nepproach for the first time
introduced for the fabrication of 316L stainless steel piiessy an additive
manufacturing technique, selective laser melting. Also, mathematical models derived
from Box-Behnken designs werextracted in order to model theopess and

investigate the effect of texture geometry on the insertion and removal forces.
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2.1. Introduction

Laser light can be monochromatic, focused and coherent. This means photons with
single wavelength, in a coherent beam shape can be focliger)€) to a small area.
These three major properties of laser light make it attractive for material processing
with high degree of repeatability and reliability. The laser light sources are widely used
in manufacturing industry for cutting, drilling, veiehg, cladding, soldering (brazing),
hardening, ablating, surface treatment, marking, engraving, micromachinisgd pul
laser deposition, lithography, etc. Very higbwered optical intensity photon beams
can be applied to a very small spot (few micrormgiter). In this way, an intense
amount of heat can be transferred to the material for melting, evaporation or plasma
formation. As mentioned above, the process can be controlled by using high spatial
coherence of laser light. This enables achieving a ¥ifitused processpot.
Additionally, laser light can be produced in pulsed or continuous mode, allowing for
different types of laser material interaction. However, the material being processed by
the laser and environmental conditions influence the |aeressed part properties.
Therefore, detailed investigations are needed to fully characterize and optimize any
lase process for specific application and material. As laser processing parameters can
be controlled to a very high degree and material anckgsing conditions can also be
changed, both experimental and simulafi@sed studies can help to optimize the
proaess, predict outcome of different conditions and help to understand the underlying

physical phenomenon.

This chapter provides a comprehemsoverview of design methodologies for laser
processing experimental work and major modelling techniques used litetiature

for prediction of outcomes for different processing conditions.

2.2. Laser material interaction
For many decades, the surfacegaxies of materials have been enhanced by different
coatings and surface modification techniques to meet component operational

environments. This includes requirements for component life times when subjected to
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for exampledefined temperature, wearing fatigue conditions. In order to enhance
the surface properties over conventional techniques, such as flame hardening and
carburizing, advanced techniques such as electron, ion, plasma and laser processing
have been develogdeNowadays lasers with high eggrdensity are commonly used

in surface modification techniques.

Laser Surface Modification (LSM) can be defined as any laser material process that
modifies one or more of the surface properties, with or without addingicaddi
material. These processaa® employed to modify or introduce certain desired physical
and chemical properties of a material such as surface chemical composition or the
surface morphologyl]. Such modifications have been applied for metals, polymers

and ceramicf2]i [7].

Scientists classify LSM either according to the modification type (hardening, glazing,
texturing, shocking etfor according to the processitegnperature (heating, melting,

or plasma). In this chapter a review of methods for the experimental development of
laser processing is presented. Specific examples are presented for Laser Cladding,

Laser Surface Melting,ra Laser Shock Peening.

Laser sufiace heat treatment is a rorelting process, whereas in laser surface melting,
the melting takes place in a thin layer which therefore solidifies rapidly forming a
harder structure. During laser shock peening (LSP), surfampressive residual
stress igmparted to the material via the shock waves from the laser processing. In
laser cladding, the laser beam melts the metal surface while a second material is
introduced to the surface. Examples of optimization of each stthges of laser
processing teatiques will be discussed later in this chapter. Before this, in the
following sections, an introduction is given to experimental design methods for laser

process optimization.

2.2.1.Selective Laser Sintering
Selective Laser Staring (SLS) is a common Additiwdanufacturing (AM) technique

in which the sintering of polymer powder material is performed using a laser source.

12



This technique utilizes two heating sources to perform 3D printing of the parts. The
first source is used tpreheat the powder close to tmelting transition temperature

of the material. Afterwards, selective (localised) laser sintering of the powder particles
is performed to fuse powder together. Preheating of the powder helps to reduce the
large thermal di#rentials that often result in padistortion and defects. SLS has
decades long history of development in terms of materials and process development,
challenges remain in producing parts with high dimensional accuracy that suffer from
curling, distortionand warpag¢s].

2.2.2. Selective Lagr Melting

Selective Laser Melting (SLM) is a metal Additive Manufacturing technique used for
3D printing of metals for applications in aerospace, automation, medical and other
high-tech industries. As noted in the literature, SLM is the most versatimitpie

thatcan process wide range of metallic materials comparing to any other AM technique
such as Electron Beam Melting, Direct Energy Deposition, Laser Engineered Net
Shaping (LENS) and Binder Jetting (BJ{S]. Briefly, a layer of metal powder is
spread on build plate and laser is focused onto the material according to 3D CAD
model and laser scan strategy. The heat energy from the laser beam melts the powder

and fuses the metallic powdegtgher.

Unlike SLS process, in which powder is sintered, in SLM, the powder is fully melted,
and a solid threedimensional part is formed. The nature of SLM process is complex
and a number of conditions (feedstock properties, processing environmensand la
procesgig parameters) influence the outcome of the material. The variations in these
processing conditions induce different variations and influence the part final geometry.
Therefore, process optimization studies need to be perform to develop rarzegti

proces for specific materials.
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2.3. Introduction to process optimization

2.3.1Process optimization techniques

Ever since the advent and availability of lasers, their advancement has heavily relied

on experimentally examining the effect of different pregegrameters on the material

of interest. This has allowed an-dne pt h under standing of th

interactions with the various materials.

The ultimate goal of studying the laser processing of materials is to optimise the
process in terms afingle or multiple objective©ptimization in this context can be
defined as mathematically or statisticatipdelling the laser process in order to obtain
desired/best response based on the process parameters. Therefore, it requires
identifying the proessinput (control) parameters and the procesgput (response)
parameters. Optimization can be performediingle or multiple response parameters.
These parameters can be either quantitative or qualitative depending on the research
objectives. To thiend, researchers rely on either experimental or simulation works or

a combination of both to optimise laser gesses.

Experiments are used extensively to optimise the process owing to the high degree of
complexity in thermal mathematical models attemgptio describe such processes and

the multiple parameters and their possible interactions, governing the laser material
interaction. Therefore the fundamental physical simulations are often time consuming
and cost intensivgl0], [11]. The exercise oéxperimental modelling of the kaser
processes is based on statistically studying the effects of varying the process input
parameters on the process response paran#teough conducting specifically
planned experiments. This method is more commonly known as Design of
Experiments (DoE)in application of this method, prior understanding of the process
allows suggestion of the most appropriate process input paranwtersestigation.

The DoE usually starts with screening experiments aimed to identify if a suggested
process input pararte has a significant effect on the response or not. During this

stage, varying one parameter at a time or a factorial design ofreepésican be used
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for detecting the potential interactions between the parameters. Important conditions
should be obserdgefor selection of an input parameter. The input parameter should be
independent, controllable, and should have a significant effetiteoresponse. The
response parameters choice also relies on prior knowledge and experiences or on the
objectives of thestudy. The main condition of selecting the response parameter is that

it should be quantitatively or qualitatively measurdh@.

2.3.2Design of Experiments (DoE) for Laser Processing Methods

2.3.2.1. General guidelines for conducting DoE

Design of Experiments (DoE) is a systic method for statistically modelling a
process in order to get a mathematical/empirical relationship between thlesgproc
parameters and the respongE}]. The process of coming up with a finalidedE is

an iterative one. It comprises of several decisions, revisions and simplifications. The
experimenter must keep mind that study conclusions or models of a process are not
universal. They are, however, applicable for the investigated range oésproc
conditions; such as process setup, parameters, study material, and model type etc.
Therefore, the investigator showloin, when selecting the study objectives, to simplify
these conditions as much as possible and select those that are controllable and
repeatable. The investigator must spend a considerable amount of time and effort in
planning for the intended DoE to emsisuccess. The seven stages involved in decision
making, planning and performing the DoE are as follfw§i [18]:

1- Define the objectives of the exjiment. To simplify the experiments and the
analysis, this list should only involve precise questions that are to be addressed. An
exanple of that would be to determine the correlation (if any) between laser beam
power and cutting speed as parameters lakar cutting process, and whether they
influence the heat affected zoft9]. Furthermore, the objectives may need to be

refined a number of times as the remaining planning steps are completed.
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2- Identify all sources of variation, which are basically anything that when changed
could influence nmdee i brsegpa@an I ®@eM.0 Do md pv a
a major effect on the process response 0
paranet er so0. As an example, a laser drillin
depth of focus[20]. The process parameters and their levels from minimum to
maximum should be selected. The levels of a m®garameter should be laid out

equally spaced for easy retrieval of the results and conclusions. Laser processes usually
involve morethan one process parameter. The experiments are called, in this case, a
factorial design of experiment. This implies thia process responses are measured

based on some combination of the levels of the various process parameters.

On the other hand, somariation sources have minor effects on the response that are
called Anui sance factor s e ofndinterested theect s
investigator. As an example, the glass sample thickness in the laser microchannel
fabrication proces1]. Therefore, it is usually decided to fix the nuisance factors and
perform the experiments atetbe fixed values. Alternatively, the nuisance factor is
fixed, and the experiments are performed and repeated for aldeaahvalue of the

nui sance factor, and a third fixed value
could minimise the effect dhese factors on the response. A noteworthy point about
nuisance factors is that they are not always controllable. Anm@rzof a controllable
nuisance factor could be the operator performing the experiments. Even if they are
following strict procedureni statistical terms, variability in the results may arise from
changing the operator. An example of an uncontrollableamgie factor could be
variations in properties among batches of the study material. In laser processing, the
surface finish of a matedlito be processed is a good example. If blocking is to be used

in the latter case for minimizing the nuisance factoisces, enough material should

be at hand for performing each block of experiments.

The third variation factor that can be considenedtudying laser processes is the

Astudy materialo. This is the workpiece
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parameters to induce the measurable process responses. The main consideration with
theselection of the material is that it should berespntative of the process objectives

to be concluded. This sets a limit on the scope of the study results and objectives,
which may be revised.

Finally, the decision whether a variation factor is a pgeqerameter, or a nuisance
factor is made by thenvestigator and depending on the process under study. It is
important to note during the decistomaking regarding selection of parameters that
more process parameters involved in the study may comptluatenalysis without

providing any added value ardreasing the accuracy of the model.

3- At this stage the type of DoE design is selected. This means that the way and
combinations of process parameters will be assigned to the selected samples for laser
processing in order to obtain process responses ihHuences the number of
experiments needed tmalysethe process and obtain an understanding of a model.
The decision here includes whether the design will have the blocking factors or not.
There areseveral types of DoE designs, such as the Faciesign, the Fractional
Factorial Design, Response Surface Methodology (RSM) such as the Central
Composite Design (CCD) and Bd@ehnken Design (BBD). The reader is advised to
read the previous studi§s4]i [18] in order to gain knowledge of which DoE design
suits most of their objectives. However, many investigators start theirs studies with a
simple general Factorial Design. This is suitable if invesiigahave a few process
parameters examined at limited noen of levels. At a later stage, when more
knowledge about the process is acquired, a more focused investigation can be carried
out. In this case, Fractional Factorial or RSM designs can be ussnl@parameter

levels without increasing the number of ekments needed. For a given design, there

is an important rule, which is to eliminate bias by randomizing the experimental runs.
Experimental samples of the material should be taken and assigwiedntyg to each

combination of the levels of the processgmaeters. This is required to ensure that the
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responses are not subject tar affected by uncontrollable sources such as the

experimenter bias.

4- At this stage, decisions associated with the@ss response parameters have to be
made. These may inclagthe units of the response parameters, the measurement
methods and the equipment, the measurement accuracy, precision and resolution, and
the procedure for preparing a sample measurement. Prespesse parameters are
usually suggested at an earlieragg¢. However, some difficulties may arise
prohibiting/restricting the ability of data collection or measurement. This requires
running a few pilot experiments to investigate some of the difficutiesved in the

data collection. This may result in theed for modifying or rectifying the selection of

the response parameters or the procedure of the data collection. The pilot experiments
will also assist in coming up with a systematic/strict proceda be followed by the
experimenters throughout the D@Eactice. This systematic procedure can take the
form of a data collection sheet that shows the conditions and the sequence in which
the responses are to be recorded. The study objectives maysiee @vthe end of this

step to simplify the experimentatocedures.

5- As explained in the previous steps, a pilot experiment may need to be performed. A
few observations can be made without expecting any conclusions. The main idea is to
practice the gxerimental procedures and to check for difficulties they arise during
carrying out an experiment or in data collection. Revisions and necessary changes of
the all previous decisions can be made after examination of the pilot experiments

results.

6- The process model type is selected, with the aim thatlibegit represent the extent
of the relationship between the process parameters and the response parameters. The
selected model should enable the investigator to mathematically define this

relationslip. The analysis techniques employed to derive a modettatistical in
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nature. These techniques will be applied to the collected data and will depend on the
selected model type. The most commonly used model is the linear model. This model
attempts to dgcribe the process response parameter in terms of a dioesdnination

of process parameters plus an error resulting from all minor sources of variations. A
guadratic or curvilinear model is preferred in order to better fit and understand the

relationshipbetween the process input and output parameters andsthis btained.

7- Finally and before proceeding to perform the full set of experiments, some final
revisions of the previous decisions can be performed that are necessary to simply and
increase th accuracy of the model. These revisions might be aimeddiace the
number of experiments or to narrow down the ranges of the selected parameters. Once
the experimental design is ready, experiments and data collection may commence

which provide the datior analysis and process model derivation.

2.3.2.2. Software usedfor DoE

It should be noted that several available software packages are designed to assist
researchers throughout the DoE exercise including planramglysing and
optimizing the process. Thesecinde StateEase Inc., Desigixpert [22], SAS
Institute Inc., IMH23], and Minitab[24]. These softwaregrkages provide a user
friendly interface equipped with 2Bnd 3D graphical representation of the results.
Once a process model (mathematical or empirical) is derived, it can be used to draw
an operational map of the process in terms of its parameteean &lso be employed

to predict the responses for a giveembination of process parameters within the
investigated range by performing the simulations of the designed model. It is advisable
that the model is validated by performing some validation exgatsnand checking

the accuracy of the model predictiondtek the process model is obtained, further
optimization can be performed by performing a new DoE with more closely defined
zone of investigation and ranges of process parameters. The aim of aptimiz

studies is thus to find the values of the procesameters that produce the optimal
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process response. In practice, that means; output minimising, maximizing, or

producing a specific mulinodal optimization of process response.

2.4. Optimization basedon mathematical simulations

On the other hand, other resehers rely mainly on computerized thermal simulations

to optimize laser processes and conduct some experiments to iteratodify or
validate their model s&6 prlesdeady tind vahdated, Wh e n
it provides an inexpensive oppanity for optimizing the proces$25], [26].
Simulation modelscan be used to provide analytical and/or numeridatisns. The

results of these simulation can be used to predict the effects of various forces and
energy fields induced by the laser irradiation of the materials. These models are
commonly known adMathematical Models. These models generally treat lasar as
heat source. The laser effect on the material is modelled based on a single or a
combination of different processes. The energy from the laser source is transferred to
the workpiece by convectip direct radiation heat transfer, or conduction or
combimation of all of these processes. This allows simulation and prediction of heat
generation and the progression of energy transfer in the material leading to subsequent
heating, melting and evaporatifiL3], [25], [26].

Despite the two main schools of optintiba research, experiment and simulation,
many researchers find it very efficient and reliable to combine both types of studies.
Therefore, the experimental studies are performed in order to directly understand
process parameters effects allowing contrdl ppocess outcomes. The simulation
models are used to support knowledge gain and give deeper understanding of the
physical behaviourleading to the experimental results. These models also allow
comparing and validating the experimental findings. This tymué
comparative/augmented studies constitutes majority of the reported studies on laser

process optimization.
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Response Surface Metthmlogy (RSM) was also used in a study of laser microchannel
fabrication process in the works of I1984], where a pulsed CQaser (1.5 kW, 10.6

pm) was used to fabricate microchannels in dada glass samples affixed 2 mm

thickness. The microchannel dimensions, surface roughness and morphologies were
studied in terms of the laser procesgsinput parameters (laser beam power, pulse
repetition frequency, and scanning speed) using RSM. The collected resulédswere

used to study the effects of the process
mass ablation rates. Results from the R8btlel in this study were also compared to

simulated results from a thermal mathematical m{igl

2.5. Experimental and simulation-based methodsA brief comparison

2.5.1. Advantages with experimental methods

- Little prior knowledge regarding laser physical interaction with the material is
required.

- Quicker results for analysis.

- Model is highly relevat to results from the investigated regions of process
parameters.

- Experimental results can be used directly to identify siipbs industrial

applications.

2.5.2 Challenges with experimental methods

- Experimental model adequacy depends on the repeatability kaduilitg of the
process setup, accuracy of process control, governance of experimental conditions,
variability in batchmatrial properties, stability of laser source parameters,
measurability of parameters and accuracy of measurement methods.

- They are nbalways labourand costffective.

- They do not provide deep insights to the physical phenomena underlying the
process.

- They are only suitable for the investigated regions of process parameters.
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2.5.3 Advantages with simulation methods

- Less humamesource is required, and material consumption is minimal.

- Provide more understanding of the process physical phenomena.

- Universality (notrestricted to a specific range of input parameters), however, this

universality is limited by the model assumptiom dxundary conditions.

2.5.4 Challenges with simulation methods

- Level of the details of processes and assumptions included in the modethiefine
accuracy. Increasing the details and lowering the assumpignsnake the model
complicated. The adequacy of theimulation models depends on how
comprehensively they account for many process parameters (such as material
properties, laser temporal mmdmodel assumptions, boundary conditions, material
shape/thickness, ambient conditions, etc.).

- Availability of accurae values of material properties at high temperatures and short
irradiation periods (materials generally behave-hogarly under theseonditions),
therefore, some material properties (such as thermal conductivity, evaporation
temperatures, latent heatapy not be available under these conditions. This leads to
assumptions which may not very accurate.

It is still challenging to model somprocesses that involve complex interactions
between different materials such as welding and coating processes.

Simulation modelling is also challenging for certain processes that involve complex
underlying physical phenomena. For example, tdhvart lase pulses induce micro

and Nanescale modifications in the processed materials. The complexity arises due to
charges occurring simultaneously in the physical and chemical properties of the

processed materials.

2.6. Experimental setup requirements and relaion to modelling

When it comes to conducting experiments with the lasers, accuracy and precision are
key factors. Therefore, the experimental conditions must be governed and maintained

throughout the entire experiment. The experimental setup is engine¢heslway to
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ersure the repeatability and reliability of the results. The majority of the researchers
working with laser processing rely on performing measurements of responses after the
sample is processed. Many techniques and instruments can beoulesfl this
requrement, based on the nature of measurements. These techniques include but not
limited to Vernier scanner, profilometers, mechanical hardness measurement
equipment, chemical analyses, optical microscopy, SEM and EFf[29]. Some
published research work usedsitu or online setups to measure process responses in
reattime. These responses can be the physical and chemical modificatiores in th
processed material (such as transient temperature distributions, material phase
transformations, optical properties, and dimensions and topography of structured
zones)26], [30]. One major advantage in usingditu measurement setups is that they
provide the ability to modify the process parameter intiea to visualize the exact

effect of input paramter variations on the obtained results.

2.7. Modelling and optimization of laser processing with norconventional

approaches

The correct selection of the process parameter values is vital in designing a successful
manufacturing process. A well calculatedcid®on on selecting the values for the
processing parameters guarantee the good quality of the manufactured product and
reduces the manufacturing expenditure and increases the overall productivity of the
manufacturing systemi. n or der t o dtelse gpr @ac ensosd ep a rf aom

manufacturing process and perform optim

understanding of the process is required.
about the several processes imvmédedyin
experi ment al equations that are able to i

of machine capacities, development and implementation of an effective optimization
criterion, and understanding of mathematical and numerical optimizatbnigeies
[31].
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Due to the high levels of the complexity involved in the laser surface modification
techniques and multiple influences of the parameters on the process response,
traditional methods of desigmg, manuécturing and testing to control the process are
generally inefficient and provide unsatisfactory results. The advanoeellingand
optimization technigues have been developed and frequently used in various industrial

sectors to control and optire the nanufacturing processes.

In order to design and develop these techniques, the relationship between the response
of a process and input control factors should be explained objectively and numerically.
This can be performed by realization of theqass thwugh appropriate mathematical
eguations and optimization algorithms. The optimization techniques which have been
found to be particularly useful for application with labased manufacturing

processes are given below:

2.7.1.Response Surfacéethodology (RSM)Design of Experiments (DoE)

Using RSM, the responses of a process can be optimized by understanding and
calculating the quantitative influence of the control parameters. By introducing
systematic variations in the input parameters, éspanse of the pcess is recorded

and conclusions are drawn on the basis of the quantitative analysis of the[823ults

272 Artiyci al Neur al Net wor ks ( ANN)
ANNSs are efficient systems in dataodellingand are capable to represent complex

inputi output relationshipg32].

2.7.3. Adaptive neurofuzzy inference system (ANFIS)
For creating and testing connections between inputs and outputs ara sygirocess,
ANFIS provides an opportunity to integrate both adaptive artificial neural networks

and fuzzy logic to provide a feedback control system to obtain accurate process
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respnse by adaptively changing the input control paramge@isThe use of ANFIS
provides adaptive control over the process thus optimization can be performed

automatically based on the feedback received from the process response.

2.7.4.Grey Relational Analysis (GRA)

If a process involves multiple control inputs that provide influence and generate
complex multiple responses and accurate information regarding the influence of
control factors is unknown, the GRA can be used as an effective solution. In such
cases, the multiplprocess response system is simplified by introducing a singje

hazy or fuzzy relational grade output response to provide a variety of possible solutions
[32].

2.7.5. Technique for order preference by similarity to ideal solution (TOPSIS)

The TOPSIS provides a rath@mple but unique solution to model the relationship
between input, control and output response of a process or a system by selecting
different criteria to reach a decision. The approach used in this method is based on
iterations in criteria on the basi§ @dmpensation in the aggregation. The accuracy of
results (poor or good) suggests which criteria suits best of the process under

consideratiorj32].

2.7.6. Meta-Heuristic optimization

Metaheuristics algorithms do not ensure a globally optimal solution however provide
a suffcient solution for immediate goals with limited and incomplete data availability.
The solutions produced by such algorithms are generally dependent on the set of
random variables generated during a stochastic process. In combinatorial optimization,
by seaching over a finite set of optimal solutions, metaheuristics can often discover
decent solutions with less calculation tasks than other optimization algorithms,
iterative methods, or simple heuristics. For example, imperialist competitive algorithm

(ICA) is a meteheuristic optimization method. The ICA algorithm consists of eight
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main steps (generating initial empires, assimilation, revolution, total power of an
empire, imperialistic competition, elimination of powerless empires and stopping
condition) exbanging positions of the imperialists of colony to detect best solutions
[32].

2.8. Investigations on laserbased surface modifications and processing

techniques

2.8.1Laser Cladding

Sohrabpoor in 2016 presented an analysis of powder deposition factors for the laser
cladding pocess, with ANFISmodelling and optimization[33]. In this work an
adaptive neurduzzy inference system, ANFIS, was implemented to model the
response of the deposition parameters based on collected experimental data for the
iron-based alloy powder deposition onto mild steel substitat&s concluded that for
multi-response optimization problems of a manufacturing process where the outputs
are well correlated to each other, the ANFRTR method can be utilized. The structure

of the ANFIS model for predicting outputs parameters is shown bg.Fig
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Fig 2.1. Stucture of developed ANFIS model for predicting of catchneefity ci ency, ¢l ¢
height and clad widt[B83].

Mondal et al. in 204 used Artificial Neural Network (ANN) for prediction thfe laser
cladding procedure characteristics with input date defined according to T-dogseiul
design condition[34]. In this work, nickel, chromium and molybdenum mixture
powder was used for laser cladding of AISI 1040 steel by l@ger. Input factors
examined including laser power, scan speed and powder feed rate to reaghmtam
level of clad width and minimizing the clad depiline correlation between the inputs
and the outputs was implemented via the bBardpagation method of ANN. It was
found that the optimum condition of the cladding factors for mpdtiormance
charateristics varied with the various combinations of waightfactors. The
structure of 4ayered ANN model utilized is shown in F&p.
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P = Laser power

V = Scan velocity

C = Powder mass flow rate
W = Clad width

D = Clad depth

Inputlaver

Hidden Layers

Fig 2.2. Structure of 4ayered ANN model used for prediction tfe laser cladding process
outputg[34].

Guo et al[35] in 2012 studied the effects of process parameters on the quality of a
laser cladding layer of Gbased alloy on 304 stainless steel with a high power diode
laser (HPDL). For exploring the optimum process parameters andrigdbe time

of procedure experiments in practical engineering application, a back propagation (BP)
neural network model was established. The calculation and predication results reveal
an appropriate agreement with the experimental results. The resssarith havéoth
significant reference value and provide guidance in the selection of process parameters
of Co-based alloy cladding by HPDL. The structure oflBR model for laser cladding

of Co-based alloy is shown on Fig.3. The results showed that tleser scaning

speed has the most significant effect on the width, height and depth of laser cladding
layer, and the powder feeding rate has the most major impact on the hardness of laser

cladding layer.

28



@
@
@
A.:
@

Input layer . \‘. Output layer
Hidden layer

Fig 2.3. Structure of BINN model br laser cladding Gbased alloy by a HPD[35].

Marzban et al[36] in 2014 investigad optimal process parametéssincrease the

laser cladding process performance. The design of experiments based on L9
orthogonal array used to investigate the effects of input factors (laser power, scan
speed and powder feed rate) on output factors (eeght, width and depth). Akree
response factors were selected, in order to investigate theregggdtinse optimization

of the process, the Principal Component Analysis (PCA) was used in combination with
TOPSIS.

The weight factors associated with ttfearacteristics of the qualityere determined

by the PCA. The study found that imgreasing the laser power during the processing,

a positive effect on the clad width can be achieved. Concurrently a negative effect on
the clad height and depth was obsgetvincreasing scan speed Wasnd to have a
positive effect on the clad height, width, and depth.Z4gshows the main effects of

the input parameters on output response, implemented in Minitab 16 software.
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Fig 2.4. Response of procefactors to relative closeness oparticlar alternative to ideal

solution[36].

Mondal et al[37] in 2013 used Taguchi angrey relational analysis in order to
investigate optimal process parameters for the laser cladding of AIS1040 steel plane
surface. The impact of different laser deposition factors on the clad bead geometry
were investigated. fe laser power was selected as sourcenpetex and the scan
speed and powder feed rate were selected as process condition parameters. The GRA
was for the procegnodellingand optimization to examine tigeeyrelation grade for

each experiment. The bestsponse of the laser cladding of AISI 104fier
optimization was obtained with the laser power of 1.25 KW, at scanning speed of 0.8
m/min while keeping the powder feed rate at 11 gm/min. ZEk.shows thegrey
relational grade. Also, it is concluded thiar a complex multi response processtsuc

as laser cladding, the optimization problem can be converted in to single objective

optimization problem with GRA.
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Fig. 2.5. Graph ofyreyrelational grades determined for the laser power, scan speed and
powder feed rat37].

2.8.2Laser Melting

During Laser Melting, a thin material surface layer melts and solidifies rapidly due to
sdf-quenching. This results in modification of the surface microstructure. For higher
solidification rates, the melting should be limited to only thin layer subsTia¢eefore

this technique requires lower power densities at high transverse §peeds

In 2013 Sun et al38] produced highly dense samples with Ti6Al4V alloy powders
using selective laser melting (SLM) technique. Taguchi method was used to optimize
the selected parameters of LSM. These selected laser parameters were laser power,
scanning speed, powdthickness, hatching space and scanning strategy. The optimal
parameters and a regression model were developed with @egigrt software and

the analysis on the results obtained was performed using analyses of variance
(ANOVA) methods and the signéb-noise (S/N) ratios. Based on the figure, higher
value is better. The results indicated that powder layer thickness provides a major
influence over resulting part density. The lowest powder thickness (0.02 mm) provides
high density (~95%). Comparing to éag method, higher surface micro hardness was

achieved by keeping the laser power at 80 W.
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Calignano [39] studied the manufacturability of overhanging structures using
optimized support parts. SLM technique was carried out for Al and Ti alloys
overhanging structures. Taguchisldesgn was used for the experimental study to
identify the optimal design of the salfipporting overhanging structures. Several
process parameters including hatching space, teeth height and teeth base interval were
optimized using Taguchi method to olptehighly accurate geometry of the build
material by reducing the deformations of the overhanging surfaces.

In 2015 Read et g40] investigated the influence of SLM on AISi10Mg alloy porosity
development. They coiage the statistical design of experimental approach with the
energy density model to study the influence of laser power, scan speed, scan spacing,
and island size using a Concept Laser M2 system on the SLM process. It was reported
that for AISi10Mg alloy,by keeping the critical energy density at about 60%Jam

minimum pore fraction can be achieved.

The surface modification of biomaterials is often desirable to improve the degree of
biocompatibility of the implantf6]. The laser surface structuring of biomaterials has
been reported extensivdly], [27], [28], [41], [42] Chikarakara et aJ2] investigated

the effect of 1.5 KWCO, high speed laser processing on-6HAl-4V surface
modification for biomedical implant application. During the laser processing, argon
(being an inert) gas was used to minimize any unwanted chemical modifications
induced on the workpiece surface. Theqaseng parameters studied in this work were
irradiance, pulse width, residence time and sampldrpatments. SEM was used to
characterize surface topology, microstructure and melt pool depth. From this study, a
3? factorial design as presented belowswae to provide a new understanding from

the use of DoE in the laser processing of this material.

The two parameters (irradiance and residence time) were selected to make a three

level factorial design of experiment to investigate laser surface pnogefsi-6Al-
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4V alloy. Continuous Wave (CW) mode laser was used to irradiate the workpiece at
three levels of irradiance: 15.72, 20.43 and 26.72 kW#ramd three levels of
residence time: 1.08, 1.44 and 2.16 ms, see Tahle 2

Table 21 Design of Expementsparameters for T6AI-4V alloy laser surface processif#j.

Irradiance Resdence
(KW/mn) Time (ms)

LSM 1 15.72

LSM 2 20.44 2.16

LSM 3 26.72

LSM 4 15.72

LSM 5 20.44 1.44

LSM 6 26.72

LSM 7 15.72

LSM 8 20.44 1.08

LSM 9 26.72

ID

For surface laser processing, a laser beam withi@fon diameter watocused on the
titanium alloy samples. In order to provide microstructural and compositional
homogeneity to the surface, the irradiation of the samples was carried out using a raster
scan with a partial overlap of 30%. The pressure of the argon gas wag R8p kPa.

Inert ga wasused to prevent metal oxidation. To ensure uniform processing conditions
and maximum absorbance during laser irradiation, the laser beam was kept

perpendicular to the sample.

Fig. 2.6 highlights the modifications in the micrastture, roughness amdelt pool
depth of the laser irradiated areas of the sample. It can be observed from the BSE
images that increase in the irradiance of the laser on the sample surfaces results in

modifications in the uniformity of the thickness oéthiradiated area. Thmelt pool
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depth introduced in the laser processed surface can be modelled by the equation given
in Table2.2

Fig. 2.6: Back scatter detector (BSE) surface morphology images of laser surface modified
Ti-6Al-4V at aconstant level of irradiance 26.72 kwh? and three levels of irradiance of
residence time of (a) 1.08 (b) 1.44 and (c) 2.1§2hs

Table2.2 Analysis for variance (ANOVA) table for melt pool defitRFI model.

Sum of Mean F
Source p-value
Squares Square Value
Model 502.786 167.595 23.268 0.0023
A-lrradiance  135.375 135.375 18.795 0.0075
B-Residence
) 366.601 366.601 50.898 0.0008
Time
AB 0.81 0.81 0.112 0.7510
Residual 36.013 7.202
Cor Total 538.8
Final equation obtained from the model
R-Squared 0.933 Meltpool depth =
Adj R-Squared 0.893 -3.93448
Pred RSquared0.879 +0.61818 x Irradiance

+11.26016 xResidence Time

Adeq Precision 14.047 ) ] ]
+0.15152 x Irradiance x Residence Time
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The statistical findings from the ANOVA demonstrated that both input laser process
parameters influence the melt pool depth of the irradiated surface. It was further
observed that companatly, the residence time effect more strongly on the melt pool
deph of the processed material with respect to irradiance as\thki€s obtained by
ANOVA were50.898 and 18.795 respectively.

By considering the interaction of both selected input factibrestatistical analysis
showed low significance for influence amelt pool depth. This result from the 2FI
model was further confirmed by the coded factor model equation given below. The
coded factors model equation was derived from the experimergail dglowd ad

high coded levels-{ and 1).

Melt pool Depth (um) =32.63 + 4.75A + 7.82B + 0.45AB
Which A refersto theirradianceand B isResidencaime.

The predicted values of melt pool depth from the model were plotted against the
experimental values in Fi@.7. The model was able to predict the outmgpone
parameter (the melt pool depth) very close to the experahealues. The signal to
noise ratio was also calculated to find the adequate precision of the model which was
14.047 in the study. The ratio higher than 4 confirms that the developedticante

used to optimize the process parameters for desired oagpdnse.
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2.8.3Laser Shock Peening

Laser Shock Peening (LSP) is an efficient surface treatment technique used to improve
the fatigue performance of metals. In 2013, Sathyajith pt3linvestigated the effect

of laser shock peening without any coatingabmminiumalloy Al-6061T6 with a

300mJ infrared la. Itwas shown that micro hardness and surface compressive stress
were significantly improved using laser shock peening technique without additional

coatings. However trivial increase in surface roughness wsangdd, as shown in

Fig.2.8.
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Figure2.8. Surface SEM micrograph: (a) pristine and (b) laser shock peened sj48ce

Through this technique pulsed lasieed at the material surface, the rapid expansion

of the resultant formed plasma will generate a high amplitude and short duration shock
wave. The plasma by laser irradiation on the material is formed due tozziom of

an ablated layer placed on therfae of the material surface confined by wdtt].

The shock wave @nerags stresses on the specimen surface causing a compressive
residual stress field which increases the surface hardness and the fatigue life. From that
we can understand that LSP is a mechanical process utlike laser processing

techniques based dherma processing of the materigi5].

Sibalija et al[46] varied three Nd:YAG laser parameters in laser shock peening (LSP)
to find the optimum parameters. The experiment was conducted on-basded
superalloy Nimonic @3 sheets, and the selected LSP paramébersptimization
included source voltage, focus position and pulse duration. The group performed
modelling and optimization using the advanced probieadependent method.
Taguchi quality loss function was usedfito express the responses, then uncoectla

ard synthesized into a single performance measure using the application of
multivariate statistical analysis. Finally, the process model was built using an artificial
neural network, and simulated annealingswailized to find the optimal process
paraneterssetting in a global continual space of solutions. The obtained global
optimum for the process parameters provided improved micro hardness along with
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very fine grains and the overall surface roughness wiisceel after LSP at these
values. Thereforanaking the surface smoother with clean microstructure as well as

improved fatigue life.

2.9. Conclusion

Laser processing has a wide application range from riarwfabrication techniques

to surface treatment, structuring, modification, and controlledasa plastic
deformation. As the laser matter interaction is a complex phenomenon, the
advancements in laser processing applications require accurate mathematalal mo

to describe the various processes that occur during the laser interaction widntiffer
materials. The models can be developed to predict the response of the laser processing
for a specific application by establishing relationship between the pragess
parameters (laser parameters and working conditions) and output response (resulting
propety of the processed material). A systematic approach is required to generate data
that is required formodelling and simulation of laser processing. Design of
Experiments (DoE) has been extensively used to describe how the materials properties
can ke contolled as a result of control of processing conditions. In particular, the DoE
approach has been successfully used in laser processing to establish andtkalidate
relationship between the laser process parameters, working conditions and output
respnsesThis allows the definition of accuracy, repeatability, and reliability from the
laser process enabling the use of these techniques to be taken up and empteyed
widely by industries which are adopting new laased technologies for both matéria

modjification and fabrication.
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Abstract

Selective laser sintering (SLS) is a novel fabrication technique with multiple industrial
applicatons in different industrial sectorsChoosing optimum combination of
elements which lead to the best component properties and lower process cost are
required in the SLS proceds this study, wefocused oradvancednodellingand
optimization method devegbed fa obtaining the best mechanical propestof SLS
produced glass filled polyamide parfhe key processing parameters examined were
part bed temperature, laser power, scan speed, scan spacing, and scan length. Response
output properties measured waslorgation and ultimate tensile strengthvé-factors

with three levels according to the central composite design were trailed. Adaptive
neurefuzzy inference system (ANFIS) was employed to generate a mapping
relationship between the process factors ttwedexperimentally observed responses.

In order to achieve best mechanical characteristics, the acquired model was used by
simulated annealing algorithm as an objective function. Grey relational analysis
(GRA) as a multresponse optimization techniquesaalsoapplied to evaluate which
modelling tetinique could perform best for defining the process elements to obtain the
highest mechanical properties. In comparing the two optimization methods, the results
indicated that the ANFFKSA system outperformed éhGRA in finding optimal
solutions for the SL®rocess applied for glagbre reinforced part production.

Keywords: Selective laser sinteringAdaptive neurefuzzy inference system
simulated annealing algorithrgrey relational analysis
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3.1. Introduction

The =lective laser sintering (SLS) wasverted in 1989[1]. In this processlaser
employedto melt polymerpowders In order to reduce the thermal distortion, metal
powder bed should be melted to below the melting point of the material and at the
sametime assist melted fusion to the prior lay@fter that, each layer is fused by laser

for sintering the material. The melted powder shapes the parts and the section which
is unsintered, makes main structure of the parts. The SLS can be classified as a
complicaed process, as many fabricated elememiist be controlledsee process

schematic irFig 3.1.

Scanner
System

Laser

Roller ‘I'-J)

Powder
Bed

Fabrication
Piston

Powder
Delivery
System

Fig 3.1 A structureof SLS process

In the case of development of empirical models, some statistical techniques and
mathematicamodellingsuch afkesponsesurface MethodologyRSM) has been used

to correlate relationship between SLS process inputs and its main outputs. Bacchewar
et al.[2] developed a new mathematical model to determine the effect of input factors
on the polymer product made by SL$€y ugd aCCD (central composite desigas

the strategy of experimental workhey foundwithin their design of experimentisat

hatch distaoe was the most important parameter in terms of resulting mechanical
propertiesSharma et al. [3lvith using ofdynamtc mechanical analyzer, investigated

the of laser sintereghroduced sampled hey foundthat with increasing some input
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elementdike scanlength, part bed temperature dader power thatorage modulus
also increasedand that itwasdecreased witincreasing scan spacing. Furthermore,
they found that scan spacimgasthe most prominent factor amongst all parameters
investigatel. Design of experimental methodology is a popular method for
optimization of process parameters, particularly for compksarlzesed processes for

which it is difficult to develop fundamentaladel for[4,5].

Dingal et al.[6] used a design of experiment strategyhveeven elements including
laser pulse ofime, laser peak powegnd intervalbetween pulses, and responses
including density, porosity and hardness. The results shatthe lagr peak power
density had the highest impact on the laser sintering prdoesgn of experiments
methodology has also been applied for metal Selective Laser Melting (SLM) in
addition b Seletive LaselSintering[7]. Negi et al. in order to improve seceilife in
glassfilled polyamide in SLS process, studied thmpact of process factors including

part bed temperature abeéam speed on the dynamic mechanical propd&je3he

CCD of expermentswas applied for theisystematic experiment methodologyom

the resultsit was observethat with reducing bed temperature, dynamic mechanical
characteristicsverereduced9]. The ANOVA resultsfrom this workindicated that

the scarspadng, and laser power ftha high level of impact on the surface rougése

and that ér minimizing of surface roughness, the bed temperature should be set to the
lower level.The influence of some input parameterglmtensile strength, elongation

and yied strength of glass filled polyamide parts produced by the SLS process was
examined[10]. A CCD was implemented in this work as the design of experiments
with the response equatiorgerivedfrom the experimentalesults The results from

this work indicatethat the scan spacing, and scan speed were the most important
parameters in terms of effecting the mechanical property outputs. The effect of same

input parameters on the flexural strength of the samples was also examined.

Negi et al.[11] applied both BM andANN for the prediction of shrinkage in laser
SLS sintered glass fiber reinforced polymer (PA 3200GF) samples. The RSM and
ANN models were compared for their ability to predict shrinkage. Results indicated
that ANN was better than RSM in both datérig andestimation abilities. Munguia
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et al.[12] in order to pedict build time in SLS process used an ANN with part height,
volume, and bounding box considered for input parameters. The results from this work
indicatedgood potential for the ANNbased pproad to be employedor the SLS
process. Boillatet al. [13] used ANN in order to optimize the SLS process for a
component otirculargeometryand alsappliedan ANFISmodelwhich typically has

lower error levels in compression ANN. Shen ef{®] applied ANN to predict the
density of SLS samples. The inputs of this ANN were laser power, scan speed and scan
spacing, and an orthogonal experimental approach was applied for training and testing
of the system. Verifidion experiments were utilized toszesshte quality of the model

and the results showed the high accuracy of ANN for prediction. Vijayaraghavan et al.
[15] used a combination of FEM and evolutionary algorithm simulation in order to
determine therelationship between inputs (laser power, scaelccity and scan
spacing) and the output (density). The results from this work indicated that scan
spacing, and velocity had the highest impact @dthn spacing had the least effect on

the density of SLSabricated samplesSA algorithm which is parbf meaheuistic
algorithm is one of the most important and prominent optimizer algorithms which is
used frequently in some manufacturing pro¢&6s13, 17,18,19, 20], howeverttere

are noprevious publications concerning the usage of SA algorithm tfar SLS

process

There have been very few publications in regard to usage of GRA for prediction or
optimization of laser processes. GRA has however been applied as an optimization
technique for many ber manufacturing processg¢2l, 22, 23, 24, 25]. The
expermental resultsachieved fromthe optimal setting predicted from the GRA
algorithmshow that there is a significant improvement in iblatedmanufacturing
process. The benefit of this approastthat the changes in multiple output response
can belinked to various input settings which hence streamlines the optimization

procedure.
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3.2. Methodology and experimental tools

3.2.1. Description of ANFIS

For making relationship between input and responsenpeters adaptive neufozzy
inference system is utded whch is mixture of neural network and fuzzy logic this

study, the model consists of five layers and each layer includes several nudes. There
were fifty sets of parameters studied in the expenital work including forty data
points as a trainingof ANFIS model ten of data points for the model evaluatieor.

further information about implementation of the ANFIS, interested raadeferred

to the following referencegd5,26].

In thiswork, in order to make a connection between input paramaatérautputs, the
ANFIS model was employed. After that, for each output, a specific ANFIS model was
chosen based on RMSE. For example, because of five inputdayies of ANFIS

includes five ndes and the last layer has one nude which represent d¢ tetresigth.

3.2.2. Optimization with SA algorithm

One of the mossignificantalgorithrms which is broadly utilized for optimization of
manufacturing processis the SAalgorithm which isa metaheuristic algorithm and

is derived from modelling of thermal anealirg. When a metal heated in a high
temperature, it will reach to molten point. In this level of temperature, as a result of
energy which is given by heating, allatoms can move easily. When the temperature
drops, the atoms will be arranged in thgstaized solid which have low level of
energy. Based on the annealing process explanation, SA is an algorithm which is based
on accidental exploration which natuyalill not be trapped in a specific area, as a
result of using the probability distribot furction. For further information about

implementation oBA, interested readés referred to the following referen¢23].
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3.2.3. Multi response optimization with GRA

GRA is a popular type of optimization method which is used for solving of multi
criteria prdblems. According to the experimental dataprder to find best optimal
condition, tensile strength and elongation shouldredrio one output. In this analysis,
Firstly, data need to be normalized from to zero to one. After that, grey relational
coefficient is computed in order to generate a relationship between inputs and
responses. Next, in order to find GrBglational Grade (GRG), the mean of grey
relational coefficient needs to be calculated in relation to outputs. Finally, the result of
multiple ouput processs structured on GR@hich is calculated in previous section.
This optimization method has been presented inlgetviously[23].

3.3. Material and test specimen

The data examined was recorded in experimental work was performed bgtNggi

[8] and is summarized here for clarity. The materials which are utilized for making
parts in SLS process was glass ylled
material is inclding polyamide glass beads and powdére detailed experimental

methodolgy impemented is indicated iRig 3.2

49

po



To study the process parameters of laser
sintered glass filled polyamude parts

A

Extensive literature survey

¥
Input process parameters: PB, LP, 8E, SA and SL

Response parameters: Ultimate tensile strength and elongation

Y

Experimental techmques: Central composite design

¥ A

Analyzing the impact of Calculation of A(u) and Ale)
inputs on outputs using and grey relational
ANFIS coefficient
$ i
Dv.?\'el.opad mo.dcl used as Evaluation of optimal process
objective function to select condition using GRA
optimal parameters using SA

] !

Confirmatory expeniments

:

Companson of results and
Suggestion for application
and conclusion

Fig 3.2.Flow chart of the implementecgeimental andnodellingmethodology.

3.4. Selective laser sintering (SLS) parameters definition

For producing parts in SLS process several input elements are importanttad if
control sufficiently by the operator, parts will produce better in terms of strength. In
this work, theprocess paraeterdo fabricate the test specimens aseshown in Table

3.1 Fig 3.3 presents the experimentally recorded values of tensilegtirend

elongation.
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Table3.1 Process variables and their lev@iegi et al., 2015)

Process Unit  Symbol Code levels
parameters

0 0.5 1
Part bed °C T 176 179 192
temperature
Laser power W LP 28 32 36
Scanvelocity mm/s SE 2500 3500 4500
Scanspacig mm SA 0.25 035 045
Scan length mm SL 100 120 140

45 ---m--- Tensile strength (N/mm2)

40 —e— Elongation (%) n

Measured experiments

0|||||||||||||||||||||||||||||||||||||||||||||||||||

1 3 5 7 9 11131517 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49
Number of expeiments

Fig 3.3 Measurediltimate tensilestrength and elongation of the test specinj@hs

3.5.Results and discussion
Process optimization by ANHSA has two major stages. The initiahge isto
determine objective function, and next stage is to mix the objective function and SA

for choosing best step setting. The implementation of each step is presented below.
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3.5.1. Development of ANFIS model

For developing the ANFIS model the nebaheels to be trained. fiis involves Root

Mean Square Error (RMSE) assessment between predicted and actual values after each
iteration. Each combination of backward and forward propagsin ANFIS is called

an epoch. The model was stopped after the RK&8BEelow 0.01 or thewumber of
epochiteration reached200. Next, a comparisonwas conducted on trial and error
results and the model was selected according to precision wheshimated in related

to new values in the testing section when thveyechecked with empirical data. By
examining of different structures, ANFIS model for each of two outputs, were selected
which was 32 MFs for each input data, which has the minimuRMBE (Table 2).

The basic structure of this model is indicated inFigy

Input Inputmf Rule Outputmf Output

\

Part bed temperture

uonesuojz/y18usns sjisusy

Logical operation

Scan Length ® L
. or

not

Fig 3.4. Structure of obtained ANFIS fastimation of ultimate tensile strength and

elongation.
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Choosing a structure of ANFIS with so many membership functions cause an overfitting and
also type of MFs is considered as an esseal@&hent for acuray of the modelIn this

study, different types of MFs namely generalized bhetlapezoid triangular,
Psigmoidal andGaussianwere examinedTable 3.2 indicatesthe RMSE ofthe
implementedANFIS modes for tensile strength and elongation

Eight types of nembership function were examined and lowest RMSE was selected
for each structure model. Accordingthe result of ANFIS model,-2-2-2-2 structure

with P sigmoidal function had the minimum values of RMSE based on the other MFs
and other models forlgwo outputs. As shown in table 2, P sigmoidal is chosen for
both outputs tensile strength and elongatiegarding toother types of membership
function. Alsq Fig 3.5and 3.6 indicatesthe comparison of measured values through
experiments and estimate@lues with ANFIS for elongation and ultimate tensile
strength in 10 experiments out of 50 experimentschviaire choserandomlyby 5

folds. It can be observed from the figures that there is good confirmation between data

which measured experimentally ag@tawhich is estimated by ANFIS.

Table3.2 Values of RMSHor tensile strength and elongation for various MFs strusture

) ] Tensile strength  Elongation
Membership function

(N/mm2) (%)
Triangular 19.8556 6.9848
Trapezoid 13.3039 7.0094
Generalized éll 14.2695 6.8417
Gaussian 13.280 6.8756
Gaussian2 13.2688 9.9613
Pi shaped 13.2834 6.9666
D sigmoidal 13.2480 6.9632
P sigmoidal 13.2391 6.963
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Fig 3.5. Comparison between measured astimatediatafor tensile strength
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Fig 3.6. Comparisa between measured amstimatediatafor elongation

3.5.2 Analysis of responses: ultimate tensile strength and elongation

Figure3.7 depictsthe ANFIS responseurfacefor tensile strengthAccording to RSM
model, all of input factors had significant mpacton responses Fi§.7(a-c). In
particular, tensile strength and elongation were seen to increase with higher laser
power (LP), and lower levels of scan speed (SE), and scan length (SL). It would be
expected that with these settingsore maerial will be moremelted and therefore
greateonding betweethe powdermaterials
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Figs.3.7aand 3.7bshowthat there is amteraction between the part bed temperature
and laser power foultimate tensile strength and elongation. From the plots, it is
evident that thetensile strength and elongation atedmmaximum values at a high

level of part bed temperature (182°C) andhacorrespondidg high level of laser
power (36 W).These parameters would be expected to result in a higher degree of
melting of the polyamideallowing it to flow and adhere better with the glass bead
particles andsurrounding materialThis is benefi@l to the densification dheglass

filled polyamide, causing increased relative density of the laser sintered\hgs.

the density othe patt increasestensile properties will be enhancatthen sintering
takes place at a higher level of laser poared part bed temperature, the bond between
the powder particles becomes stronger due to better fussalting inincrease
ductility andstrengh. On the other hand, when laser power and bed temperature are
on lower stage, melting the powder will be imggible due to lower temperature which

is transferred to the powder, therefore, resulting lower tensile properties of sintered
parts.Accordng to the figure3.7(aand d) temperature of part bed has a limitation,
but if the temperature is increased distortion in patts be accrued, resulting in

reduced part properties.
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.=§ g

Tensile strength

Tensile strength

Fig 3.7.3D response surface plotstehsile strength and elongation agaflasind d)laser
power(LP) andpart bed temperatufd@); (b and escan spee(lSE) andscan spacinSA);
(c and f)laser powefLP) andscan lengtti{SL).

Figs 3.7b and 3.7elemonstrate the interaction effect of scan speed and scan spacing
on tensile strerth andelongation. From the plots, @an be seethat the tensile
strengthand elongatiomttaireda maimum value ag lowlevel of scan spee@500
mm/s)andscan spacing0.25 mm) This can be described by the phenomenon that all
of specimens which areadeby SLS process at lower energy density pliesehigher

values of scan speed and scan spacimge \\ess well sintered.
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However, very low valugof scan speed and scan spacing (which means higher values
of energy density) may cause over simgrof powder particleand will result in an

unwanted increase in processing time

Figure 3.7c and 3.76how the interaction effect of laser power and scan length on
tensile strength and elongation from which it is observed that the tensile strength and
elongation arelowestat the lower value of laser power (28 W) andtla¢ high value

of scan length (140 mm). Thigasdue to the lowrlaser poweand longer scan lengths
resulting in a lower level of local thermal energy input which weasifficient to

compleely sinter the pwder particles.

3.6. Optimization of SLS process

3.6.1. Optimization of tensile strength and elongation by simulated annealing
algorithm

Because of complexity of SLS against variation of input data, choosing of a value in
which the pocedure maximize tensile strength and elongas@complex problem.

The optimization algorithm techniquescan therefore be well applied to provide
solutionswhich can bettemaximize themechanical property values from in this

process

The simubated anealing method is based on the simulation of thermal annealing of
critically heated solids. When a solid (metal) is brought into a molten stéuesaling

it to a high temperature, the atoms in the molten metal move freely with respect to each
other[28]. As the temperature reduces, the atoms tend to get ordered and finally form
crystals having the minimum possible internal energy. Based on thelingnea
description simulated annealing is a random search method which it can't trap in local
minimum de to wsing of probability function as follow:

£ 1)

P(E) =expt - —
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whereT is temperatureks is the Boltzmann constant aidis the value okenery
(value of objective function) at a given annealing step.

The simulated annealing algorithm is a random optimization technique wisteintg
minimization of annealing energy (objective function) from a single stochastic point,
then the algorithniooks for minimal solutions by attempting of all points in search
spaces with respect to their value of energy. In this method by selectigh abbling

rate the probability of trapping in local minima is very high, so in order to escaping
from local mhima, choosing of appropriate slower cooling rate is recommended. The
pseudo program for step by step implementation of simulated annealiregipreds
expressed as follow:

Step 1: (initializing) : Generate a randomly initial point, setting the initial
tempeatureT=Tint and iteration numbed=0

Step 2: (calculation of annealing energy) Evaluate the value of objective function

at Xy, E1==F(x)

Step 3: (generation randomly neighbor point) Create a stochastically poirt:1,

near to pervious one and aalatethe energy at this poirti=F(xx+1) and determine
qE=E>-E1

Step 4: (inspection of first condition): If qE<O, current point is acceptable and go to
step 6. Otherwise generate a random nuni@ebelongs to [0,1] and calculate the
probability P=exp¢qi/KgT)

Step 5: (inspection of second condition)lf P<U, then current point is acceptable and
go to step 6. Othense return to step 3.

Step 6: (inspection of iteration condition). If k<N (N is the maximum number of
tries within one iterationbhen sek=k+1 and go to step therwise go to step 7.

Step 7: (stop condition): If T<ST, (ST is stoptemperature)stop the algorithm.
Otherwise sek=1, reduce the temperatufeCT (C is cooling rate) and go to step 3.

Table 3.3 represents all set up factors and objective function of SA.
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Table 3.3. Table 6 setygarameters for implementation of SA

Parameter Value/function Remark

Xo [0000] Initial point

Tinit 500 Initial temperature

H(X) - evalfis(X,net) Objective functevalish fwhmnct
Simulation the ANFIS net

R X=rand(5,1) Random vectoX in the range of0,1]

ks 1 Boltzmann constant

ST 10e8 Stop temperature

C 0.9 Cooling rate

N 300 Maximum number of tries within one temperature

In this part, 22-2-2-2 ANFIS structure which calculated from last section, will be used

as an objectie function in order to make maximum values of ultimate tensile strength

and elongationf-or the optimization algorithm, a MATLAB code wagneratedvith

Rastriginerror checkingunctionincluded In optimization of the process by ANFIS
SA, the part bedetmperature of 180 °C, laser power &2 W, scan spee8410

mm/s, scan spacing 03w and scan length 1364mm resultant in optimal solution
with tersile strength o#2.883N/mn¥ and elongation of 2.383%. Table 3.4 shows

optimal results derived frosimulated annealing (SA). According to the optimization

these inputs would lead to maximum tensile strength and elongation. For confirmation

of the obtaied solution from the model, a verification experiment with values from

table 34 will be performed. Ifthe acquired values of tensile strength and elongation

would be seen to be close to those derived from the verification experiment, the

modellingand optimization would be considered implemented successfully. Table 3.

presents a comparison between theénogl tensile strength experimental results and

elongation and the ANFIS model predicted results. It is seen that percentage error is

below 5% and.0% for the tensile and elongation values respectively.

Table3.4. Optimal proposed parameters and correspondesgls obtained througlsA.

Process factors Responses
Part bed g)_c?vsvirr si)cea:an d sp?;;ﬂg ISr?gt% Tensilestrength Elongation
temperaturg°C) w) (mm/s) (mm) (mm) (N/mn?) (%)
180.19 2892 3410 0.375 133.564 42.8883 17.383
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Table3.5. Comparison of tensile strength and elongation of confirmatory experiments with
those derived frorthe developedNFIS-SA model.

Tensilestrength Elongation

. Error . Error
Measured Predicted (%) Measured Predicted (%)
44.295 42.8883 3.176 15.85 17.383 -9.672

3.6.2.0ptimization of process by GRA

As explained in section 3.3 in order to optimize the process by GRikstly the
experimental resultshould be normalized. For this purpose, higherbetter strategy
was used for normalizingf material removal rate and lowtre-better strategy is used
for normalizing of both tensile strength and elongatidhen the grey relational
coefficients were calculated based on values of normalized data for each ee3hens
coefficients of outputshave been collected to assess GRG that is the overall
representativef tensile strength and elongatidn.the presenivork the same weight

factors (Wi=W-=W5=0.333) are considered to construction grey relational grade.

Hence, the hybrid optimization oLS process has been converted to one equivalent
objective function of the procedagure 3.8 presents the grey valgaiast the number

of experiments for each experimental set of parameters examined.
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Fig 3.8 Grey relational value for each experimeunt.r
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Fig.3.9 presents the main effect plots for the selected processing conditionsas

part bed temperature, laser power, scan speed, scan spacing and scafHeng#in
effect plot provides eepresentation dheimportanceof each processlemenson the
output parameterdn the main effects chart, if the line for a specific process parameter
has the biggest slop, then the parameter has the most significantvdifferetas, if the

line for aspecific elementis closest tohorizontalline, then tkat parametehas no
significance. Therefore, from the main effects plot scan leagtiscan speed have
slightly moresignificarce than the other inputsn the tensile properties tife glass
filled polyamide specimengromFig. 3.9.the optimal parametricombinatiorcan be
determined. The optimal process parameter settn@82 °C (max.), part bed
temperature28 W laser power(lowest) 2500 mm/s scan spe@idwest) 0.45 mm
scan spacingmax.) and 140 mm scan lengitmax.) Furthemore, the effect of
interaction betweetetwo process parametgs shown in Fig3.10 From theseplots,

it is observed that almost all lines are intersecting with each other; that is, all process

parameters have considerable interaction between &ash o
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Fig 3.9. Main effects plot of the grey valudsr the effects of the input parameters.
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Fig 3.10 Interaction plot of theleterminedyrey grade valuefor each of the input
parameters.

From Table ¥ it is seen that applying a combination of normalized greyioglat
coefficient of 0.2237 for temperature, 0.2217 for power, 0.2322 for scan speed, 0.2322
for scan spacing, and 0.2338 for scan length resulted in the highest value of GRA and
maximum combingon of tensile strength and elongation. The levels of the teesul
which result in the maximum tensile strength and elongation correspond exactly with

those found from response surface methodology.

Table3.6. Response surface fitemean greyelational gradealues.

Symbol Sintering parameters Level 1  Level 2 Level 3 Max-Min
PB Part bed temperature 02181 0. 19 0. 22 0.0056
LP Laser power 0.2217 0.1949 0.2212 0.0276
SE Scan speed 0.2322 0.191 0.2144 0.0412
SA Scan spacing 0.2152  0.1958 0.2263 0.0305
SL Scan length 0.2059 0.1979 0.2338 0.0359

Average grey rational grade=0.2125
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The following step is the verification and prediction of quality characteristics based on
the new condition of inputs and outputs whiclachieved by GRA. Because of that,
experimental verification was performed with the achievéetssd input parameters,

and tensile strength and elongation. If the GRG remsudtsquired from the experiment

was close to results from predication, tmesented method can be said to be efficient

in prediction of optimization process. Table’ 3hows the difference between the
predicted GRG with the actually acquired from experiments in the selected factor. It
can be concluded that there is an acceptable agreement between the results from
experiments and GRA. This confirms the function of thggested method based on

the multi objective optimization in manufacturing process needs to optimize the

responses as the same time.

Table3.7. Results of confirmatortest of the effects dhe inputfactors on the output.

Initial sinterin . . .
9 Optimal sintering parameters

parameters

Experiment Prediction

Setting level  T1, LP1, SE1, T3, LP1, SE1, T3, LP1, SE1,
SAl,SL1 SA3, SL3 SA3, SL3

Tensile 20.14 31.04 -
strength
Elongation 7.4 9.42 -
Grey 0.2369 0.2583 0.2765

relational grey
Improvement of grey relational grade=9.033%

Table 3.8. Optimal proposed parameters and corresponding results obtained through SA
an GRA

Process factors Responses
ANFIS-SA Part bed Laser Scan Scan Scan Tensile Elonaation
temperature  power speed  spacing length strength (09)
(°C) (W) (mm/s) (mm) (mm) (N/mn?) 0
180.19 2892 3410 0.375 13‘2'56 42.8883 17.383
GRA 182 28 2500 0.45 140  28.1083 10.983
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3.7.Conclusion

This workwasfocused orthemulti-objective optimization gbrocess elements for the
SLSprocess ofjlass filed polyamide partsThe main factorexamined in this process
werepart bed temperaturkaser power, scan spacing, scan speed and scan.[€hgth
main responses weuodtimate tensile strength and elongatiéor performing of muit
objective optimizatin two methodologies have been used. The first methodology was
based oimodellingof tensile strength and elongatiby ANFIS and optimization by

SA algorithm The second methodology was based GRA. After performing
optimization of process by these melkp the obtained results were compared

together. A summary @fchievedesultsis presenteds follows:

An ANFIS based on-2-2-2-2 structure with Psigmoidal type of MFs led to maximum
precision ofmodelling for tensile strength and elongation by making thinimum

values of prediction error. In optimization of the procedure by ANEASthe part bed
temperature of 180 °C, laser power of 29 W, scan speed 30 mm/s, scan spacing 0.37
m and scan length B3mm resultant in optimal solution with tensile strength
42.8883N/mn? and elongation of 7.38%x.

The verification experiments were alsgsedto confirm optimal resultsThe results of
validation experiment with GRA and ANFSA approaches are Closelgrsistent.
Due to the ability of ANFISSA to search thergire solution space within the process
parameter settings examined, ANF33 was seen to outperform the GRA model. This
resulted in an increase of the overall tensile strength and elongation oksalted
by 14.78 N/mmand 6.4 % respectively for thautput of ANFISSA compared to
GRA. Based on our experiences, we can suggest that ASWkIBe an effective
approach to solving a multibjective optimization problem in manufacturing

processes whicltesponses related in a complex manner to the input paemnet

The main reason for the ANFISA model 6s better result i
both ANFIS and SA. With ANFIS and SA, these models consider a continues range
for each parameter which leadsao extension of the search space and finding new
solutions. While in optimization by GRA, only values which contribute to conducting

experiments are considered. Hence, for GRA the searching space is just within the
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design matrix and it is very small. THENFIS-SA can be seen in this case to
outperform on the Isas that it solves the optimization as a continuous problem, and it

can search all points within the solutions space.
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Abstract

Laser based surface texturing prowdeghly controlled interference fit between two
parts. In this work, artificial intelligeneleased models were used to predict the surface
properties of laser processed stainless steel 316 samples. Artificial newatkne
(ANN) and adaptive neurfuzzy inference system (ANFIS) were used to predict the
characteristics of laser surface texturing. The models based on feedforward neural
network (FFNN) were developed to examine the effect of the laser process parameters
for surface texturing on 316L cylindat pins. The accuracy of the models was
measured by calculating the root mean square error and mean absolute error. The
reliability of the ANFIS and FFNN models for the output prediction of the laser surface
texturing (ST) system were investigated by ugirthe data measured from
experiments based on a 3”3 factorial design, with main processing parameters set as
laser power, pulse repetition frequency, and percentage of laser spot overlap. The
relative assessment of tmeodels was performed by comparing qeitage error
prediction. Finally, the impact of input data was examined using predicted response
surface plots. Results showed that ANFIS prediction was 48% more accurate
compared to that provided by the FFNN model.

Keywords: Laser texturing; artificiaheural network; adaptive neufozzy inference
system.
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4.1. Introduction
Joining plays a significant role in manufacturing such as in automotive engineering for

the assembly of parts and devices [1]. Mechanisals for bonding parts in assembly
lines canbe joined via many different gluing options [2]. Press fit or interference fit
are commonly used such as in clinching joints, hinge joints, and for bonding shafts and
bearings. Interference fits joints bondotaomponents together by friction, often with

a single quick stroke [3]. The creation of patterned surface microstructures on
interference fit joints can be achieved in many ways, for example abrasive blasting,
reactiveion etching, and ultrasonic machigifi2]. However, laser technology offers
more ontrol and precision over the produced geometryl{&er Surface Texturing
(LST) has been used for three decades in manufacturing industry for improvement and
control of tribological characteristics of matds. However, the use of this process for
press fit joints is has recently been developed [2]. LST on interference joint surfaces
is a complex, stochastic process and a number of variables play a significant role in
the process. Therefore, the developmentan appropriate model which can
approximatehe effects of the most important features on the resulting geometry is of

significant importance.

Several studies have been reported on the application of supervised machine learning
methods on predicting thautput of the laser process [4,5]. Artificideural Network
(ANN) and fuzzy logic have been applied successfully previously for prediction of
some laser processes [4,6]. Approximation methods which are related to artificial
intelligence are secondary teavhich use data generated through experistmtthe
estimation manufacturing process outputs [4]. Aminian et al. investigated the
performance of ANN and applied adaptive neuro fuzzy system (ANFIS) on the laser
machining and welding processes [5]. Ieithwork these authors noted that ANFIS
was abetter predictor compared to Response Surface Methodology (RSM) and ANN.
Biswas et al. used feed forward neural network (FFNN) for estimation of
characterization of micro drilling on titanium nitriddumina conposite [6]. It was
observed that an ANN nodsructure of 511-3 with 11 neurons in the hidden layer
provided the least model error. Sohrabpoor et al. used ANFIS to predict laser powder

deposition process outputs such as catchment efficiency and hdighdditionally,
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ANFIS was employed in selecé laser sintering to correlate relationship between
input parameters such as laser power and scan speed, and output factors including
tensile strength and elongation [8]. The authors have also reported ghetimiuse

of ANFIS for laser processing anl@monstrated the high capability and reliability of
this model [913]. J. Pandremenos et al. used a mixture of neural network and design
structure matrices for the link between clustering efficiency and inienac of
products components [14]. They fouthdit their especial algorithm is more efficient
with the empirical one [14]. Karagiannis et al. applied feed forward-pegbagation

for approximation of yield surface magnitude in milling process [15]. Thagladed

that the model had a acceptable perfance for correlation of inputs and results [15].
Also, some other studies have been carried out for the practicality of ANFIS and FFNN
in the manufacturing process [16].

The experimental values are usedrain a feed forward baghkropagation artifiial
neural network for the prediction of the yield surface roughness magnitaser
surface texturing of stainlesseel for interference fit is a novel technique developed
by the ceauthors. Interferencetfis no more compliant pins focused joiningteique,
rather it has become an enabling technique for innovations iftédghindustries, such

as safety critical fueling applications. In the developed LST technique, the control of
diameter increase is amal to achieve different levels of fasteningtween the joining
parts and this control also determines the insertion and pull out forces. Therefore, in
order to provide design flexibility, increasing strength and reliability of LST for
interference fitsit is desirable to fully model the laser pessing input parameters and
use artificial intelligence techniques to predict the results.

In this study, investigations were performed for the first time, the selection of best
approach for the estimation thkaracteristics of LST on 316L cylindricahgifor the
interference fit jointAlthough there are many factors which are related to the strength
of the bonding, the most important parameters of diameter increase (Dl), insertion
force (IF) and removal fee (RF) were studied.o achieve this goal, ¢hactual data

sets were extracted from the response surface methodology equations [3]. For the LST
processFFNN and ANFIS were applied separately. The validity of the developed
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models was measured based on percentage error prediction (PEP). The affadt of i
parameters on each process outputs are analysed.

The interference fit has innovative applications in sé&gicritical components in
automobile and aerospace industry where a secure joint with high level of security and
reliability is required. Theffere, in order to determine the laser processing parameters
tailored for specific needs in terms of materisghtness level, applied and removal
force, and reliability, artificial intelligence approaches can be further examined and
investigated. The dela@ment of reliable and accurate artificial intelligent solutions

is required that can predict most influencipgocessing parameters and provide
solution to approximate the resulting properties as demonstrated previously using

unsupervised and supervidedrning methods.

Based on the literate review, there is no study has been carried out to demonstrate
difference between ANFIS and FFNN on LST. This comparison can be useful not only
in modelling terms but also on practical perspective and manufactonduogtries can

refer to this evaluation for the prediction of results which ensure quality of product, to

reducethe manufacturing cost and to increase the quality of cold joints.

4.2.Methodology
4.2.1. Development of FFNN model

Neural network (NN) is aolgical structure, in which multiple processing elements
communicates with each other through the interconnecti@tween the processors.
The knowledge is presented by the interconnection weight, which is adjusted during
the learning stage [14]. Backpropdign (BP) learning algorithm uses a gradient
search technique to minimize the mean square between the atpudlmattern of the

network and the desired output pattern.

In FENN, weights were fixed, and the activation function were examined and delecte
based on mean absolute error (MAE). More details were reported previously [4]. Like
other approximation metlkls, FFNN was implemented including testing (20%) and
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training (80%) and MAE was utilized as the criteria of error in FFNN. The equation

used forcalculation of MAE is:

MAE=-B.j o0 dxs

[5]
where T is the number of test datas the tested value andis predicted value fio
FFENN.

4.2.2.Description of ANFIS
ANFIS is a machine learning method with the mixture of NN and fuzzy logic for

deriving the connections between the input and response elements [17]. The ANFIS
model for this study was made of five layers each of whichisbot some nodes.

Like NN, in ANFS, nodes transform from each layer to next layer. The accuracy of
trained data was examined by root mean square error (RMSE), the formula for which

is:

_ 1z 2
RMSE—\/Va(SZ—YZ) [17]
z=1

whereM is the training valueS; is actual response value, avids the model response

value in training.

4.3. Materials
The data used for validation of the designed models was obtained from DBésign

Experiment (DoE) study oiaser surface texturing for interference fit technique. This
study was performed by the -emthors and reported previously [2,20]. Briefly,
cylindrical 316L stainless steel pins of 10 mm in diameter and 60 mm length were laser
textured. The laser process shown in Fig. 4.1 was carried out using a computerized
numerical control (CNC) C@aser, Rofin D€ 015, with 1.5 kW maximum average
power. The focal position was set at a distance of 1 mm below the sample surface to

achieve0.2 mm diameter focal spotzei over the sample surface. Hub flanges of the
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same material were machined to 30 mm external diameter, and centre drilled and
reamed to give the final hole diameter of 10.05 £ 0.003 mm. Table 4.1 shows the input
parameters inading Laser Power (LP), PuldRepetition Frequency (PRF) and
Overlap (OL) between each laser scan and their levels which were used for
experimental sample preparation. Laser power is the most important input parameter
which determines the amount of thernealergy delivered to the satepbeing laser
treated. The laser power was varied from 300 W to 400 W and 500 W. In pulsed laser
surface processing, the pulse repetition frequency determines the heatipouild
between the pulses. The time interval betweenaber pulses should be sherthan

the thermal diffusivity of the material in order to build up amount of heat required for
melting of the upper layer surface. Therefore, PRF was set at 100 Hz, 200 Hz and 300
Hz and the pulse width was set at 1.6 mscan@ne the effect of PRF ohe resulting
surface properties of the laser processed samples. For interference fit application,
precise control over micrtexture longitudinal and circumferential dimensions is
required. To control the laser texture geomdtmg laser scan overlap oube sample
surface must be accurately controlled as multiple scanning of the same area will result
in different surface texture. Three different overlap scenarios were studied including
negative, positive and zero overlap teamine the effect on microsicture. The
overlap was controlled by controlling the rotational and translational speeds of the
sample such that the laser spots were overlapped to the same extent in the
circumferential and longitudinal directions. Detailedthematical relationships wbse

to calculate overlap percentage for all three scenarios according to sample geometry,
laser processing parameter (PRF), and rotational and longitudinal speeds have been
reported previously [20].
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Fig. 4.1. Schematic of seaing process on dnterference fit sample with GQaser.

Table. 4.1. Laser surface texturing set DoE process factors and their levels.

Process factors Units Symbols Levels

-1 0 1
Laser Power w LP 300 400 500
Pulse Reputation Hy PRE 100 200 300
Frequency
Overlap % oV -20 0 20

For the current study, Diameter Increase (DI), Insertion Force (IF) and Removal Force
(RF) were selected as output parameters from the previous study [2]. Details on
methods used to obtain these results have been rep@ftddetails on selectionf

these parameters for the current study and methodologies used to measure these
parameters previously are as follows. The creation of microstructures on the surface
of the laser processed stainless steel pins resuiteédei increased diameter. The
chang in the microstructure from austenite to large volume martensite phase also
contributed to increased pin diameters [2,1]. Diameter of the pin is directly related to
amount of interference. The control over diameter emeeprovides control over
tightnessof the fit. Therefore, DI was selected as output parameter in this study.
Diameters of the laser processed pins were measured by 0.05 mm resolution Vernier.
Each measurement was taken 10 times and average values \a@redbihe ratio of
insertion and pll out forces determines the efficiency of the interference fit. The
reduction in insertion force makes the process economical and the removal force

determines the tightness of the interference. Being the crucial faet@snining the
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interference fit)JF and RF were selected as output parameters in the current study. The
insertion and pwbut forces were measured using a Zwiek@testing machine with

the Zwick TestXpert simulation software. The insertion and-quilltests were
performed at speed 6fmm/min (for further details, see [2]).

4.4.Results and discussion

The approximation methods including FFNN and ANFIS were used to approximate
the output of the laser surface texturing of staintesl pins for interfence fit
application. In FFNN and ANFIS models in order to increase the reliability and

validity of the data, each run repeated three times and average of them are reported.

4.4.1. Development of FFNNnodel

As the measured values of the three selectquibptrameters were largely different,
the models weréivided into 4 networks to achieve maximum eféncy separately

for each parameter.

4.4.1.1 kFold CrossValidation

In order to avoid overfitting and having lower biagfpftl CrossValidation apprach
applied. Croswalidation is a resampling procedure used to evaluate machine learning
models on a limited data sample [21]. IAR&lds Cross Validation we split our data
into k different subsets (or folds). We usé lsubsets to train our data and ledkre

last subset (or the last fold) as test data. We then average the model against each of the
folds and then finalize our model. After that we test it against the testlset
procedure has a single parameter called k that refers to the number of tjratug
given data sample is to be split into. As such, the procedure is often cdleicckoss
validation. When a specific value for k is chosen, it may be used in gldca the
reference to the model, which in this case dathvisledto 4 folds(Fig 4.2). For the
crossvalidation process, first we picked 4 separate learning experiments which
included one testing test and remaining for training sets. This processested 4

times and finally we got the average test results from those expé&imen
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Cross validation:
Divided 27 data

sets in 4 parts _
and use 3 parts [ 27 data

for training and a
part for testing

}Test

Train

25% {

Fold1 Fold 2 Fold 3 Fold4

Test set

L
I:lTraining set

Fig. 4.2. Structure of cross validation for 4 folds.

Table.4.2. Obtained MAE for various FFNN topographies under various training function.

Mean absolute error (MAE)

Outputs Structure
Fold #1 Fold #2 Fold#3 Fold#4 Average

3-4-1 0.1214 01303 0.286 0.1709 0.1771
3-5-1 0.102 0.1254 0.1903 0.1363 0.1391
3-6-1 0.1768 0.1227 0.2207 0.2762 0.1991

DI 3-7-1 0.1359 0.259 0.2031 0.1053 0.1758
3-8-1 0.245 0.2772 0.1729 0.1605 0.2139
3-9-1 0.1446 0.2636  0.2039 0.1336  0.1864
3-4-1 9.5422 7681 11.8953 10.9615 10.02
3-5-1 9.6862 6.4945 6.3013 14.3468 9.2072

1= 3-6-1 12.2945 6.3225 9.5408 10.4056 9.6408
3-7-1 8.761 8.3664 12.3194 9.5307 9.7218
3-8-1 9.5366 10.9437 13.0343 10.094 10.9021
3-9-1 13.6917 9.2882 12.7691 10.2411 9.2475
3-4-1 1.5413 1.4407 3.6875 3.3059 2.4935
3-5-1 42451 2541 2.6988 3.2035 3.1721

RE 3-6-1 25167 25392 27247 3.847 2.9069

3-7-1 1.4931 2.8258 2.2417 3.9129 2.6183
381 23913 2.325 3.28 3.0497 2.7615
3-9-1 2.8758 2.6281 2.2546 3.1993 2.73945

For developing the FFNN model, the initial step was training. Out of 27 datapoints
available from the experiments performed previously [2], 21 datasets were selected

arbitrary for training and the remaining (6 datasets) were kept for testing the FFNN
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model(i.e. fold #1). In order to select the FFNN model which provides most accurate
approximation, 9 training functions and 6 structures were tested. In hidden layers, the
number of neurons should be higher than ingR8. Therefore, the examination
should @ sarted from 4 neurons were selected for the first hidden. Minimum MAE
was selected for each output. From the table 4.2, a network gith &ructure, for

DI and IF, and 3/-1 structure for RF are the modest accurate model due to lowest
values of MAE.Figs 3, 4 and 5 present the comparison between the actual datasets
and predicted datasets from the FFNN and ANFIS models fold #4 (i.e. fold with
highest MAES). As can be seen from these figures, the optimized models predicted

well with the actual experinmtal recoded data.

Table. 4.3. ObtaineBRMSE for various ANFIS topographies under various training function.

Root mean square error (RMSE)
Fold #1 Fold #2 Fold#3 Fold#4 Average

Output  Structure

Triangular 0.12436 0.11419 0.10628 0.112 0.1142
Trapezoid 0.18483 0.4081 0.1834 0.1598 0.2325
DI Generalized bell 0.14131 0.3682 0.2551 0.2%1 0.2549
Gaussian 0.14004 0.3845 0.2528 0.5851 0.3407
Pi shaped 0.1732 0.4866 0.2722 0.2972 0.2972
Di sigmoidal 0.25378 0.5035 0.2972 0.2597 0.3285
Triangular 6.9956 5.05 6.469 11.3502 7.4662
Trapezoid 25.2873 5.9037 7.469 13.2208 12.9702
IF Generalized bell 13.7131 5.7618 13.64 13.5973 11.6780
Gaussian 13.0184 12.1689 7.66 14.237 11.71
Pi shaped 252873 5.7916 7.466 13.745 13.72
Di sigmoidal 25.1845 5.7454 7.469 14.1162 13.1287
Triangular 7.788 4.701 4701 4.8747 5.5391
Trapezoid 3.8171 2.6461 1.6461 2.2684 2.59322
RF Generalized bell 7.7969 4.831 4.8431 5.3683 4.9598
Gaussian 7.7831 4.7128 4.7128 4.2635 5.518
Pi shaped 7.8219 48796 4.8796 5.0876 5.6637

Di sigmoidal 7.8141 49152 49151 54665 5.7777
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4.4.2. Development of ANFIS model

For approximation of the results with ANFIS for the LST process, like FFNN, testing
and training datasets need to be selected andngesmtd training datasets from the
FFNN model were selected for ANFIS model. In this way, a direct comparison
between thenodels could be performed. To implement creaslédation on modelling

of DI, IF and RF, four data sets were identified (based ofR). For choosing the

best and most accurate model, the structure of ANFIS was varied and different
structures such as33-3, 44-4-4 etc were examined. It was observed that2a2?
model with 200 epochs and Sugeno type of Fursed rule had the lowteRMSE.

Also, 8 Membership Functions (MF) in the ANFIS model were examined for finding
the most appropriate model. It wasind that Triangular type of MF for Diameter
Increase and Insertion Force, and for Removal, Force trapezoid type of MF were the
mostaccurate MF. Figs. 4.6, 4.7 and 4.8 present comparison of the predicted values
from the ANFIS and FFNN models with thetaal data. It can be observed from the
figures that the predicted data extremely well fitted with the measured data recoded

from the eperiments.

W Measured through experiment @ Predicted through FFNN & Predicted through ANFIS1

=
N
1

[EnY

o
e

Diameterincrease
o o
EaN (o))

©
N

Test no

Fig. 4.3. Comparison of measurees-3 FFNN and ANFIS values of testing data for DI for
fold #4.
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W Measured through experimentd Predicted through FFNIE Predicted through ANF|S

Insertion Force
N w N
o o o

=
o

Test no

Fig. 4.4Comparison of measured:531 FFNN and ANFIS values of testing data llefor
fold #4.

B Measured through experimentd Predicted through FFNN3 Predicted through ANF|S

Removal Force
o (=) N w D [6)] (o)) ~ (o]

Test no

Fig. 4.5.Comparison of measured;731L FFNN and ANFIS values of testing data for RF for
fold #4.

4.4.3. Calculation of correlation coefficienpercentage

Correlation Coefficient is a vital aspect used in statistics to calculate the strength and
direction of the linear relationship or the g#ctal relationship (correlation) between

the two population data sets [22]. This coefficient calculdiased orrelation of
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FFNN and ANFIS test data to measured data in figures 4, 5 and 6 separately. This

formula of is defined as:

Rx,y = [22]

where n is sample size (here is 7)amd yare measured data points and predicted by
ANFIS or FFNN anddfis-B @ and analogously foa Table 4.4 shows the result

of calculation of correlation coefficient. As the table 4.4 shows, ANFIS predicted

significantly bettecomparedo FFNN.

Table 4.4 Correlation coefficient foutputs

Outputs FFENN ANFIS
DI 62.12% 88.62%
IF 72.5% 89.7%
RF 75.2% 90.56%

4.4.4. Comparison accuracies of developed models ANFIS and ANN

To compare the prediction accuracies of the developed model, the prediction error
percentage (PEP) was measijrdefined as follows:

PEP— B —— (3)

where ais the actual data andig the approximated data by the developed FFNN and
ANFIS models. Figs. 4.6, 4.7 and 4.8 show the R&Res from ANFIS anéFNN

which were calculated for DI, IF and RF, respectively. It can be observed that ANFIS
predicted more accurately the results compared to FFNN. These results are
summarised in Table 4.3. Table 4.3 shows the overall comparison dfeRE&en the

two modés. As can be seen from the Table 4.3, ANFIS improved the PEP more than
45%. These results show that the ANFIS model was more reliable and resilient to noise
compared to FFNN. Hence, it can be suggested that ANFIS can predict the LST

81



process more accurayednd could serve as a precise Machine Learning method for the

LST process.

w
o
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--%-- DI(FFNN) —e— DI(ANFIS)

PEP for diameter increase (%)
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o (¢} o (6]
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Fig. 4.6. PEP modelling of diameter increases by ANFIS and FFNN.
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Fig. 4.7.PEPmodelling of insertion force by ANFIS and FFNN.
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Fig. 4.8. PEP modelling of removal force by ANFIS and FFNN.
Table. 4.5. Comparison between ANFIS and FFNN for all outputs.
Modelling type DI IF RF Overall PEP

FFENN 0.097139 0.146085 0.152609 0.3%833
ANFIS 0.063594 0.065152 0.068435 0.203181

4.4.5. Analysis of responses: diameter increase, insertion force and removal force

As observed from the results, ANFIS proved to be a more accurate model for
prediction of DI, IF and RF. Hence, the deysd ANFIS model was used for
analysingin more detail the effects of laser surface texturing process parameters on

the responses. The 3D plots of ANFIS prediction surfaces were constructed and the
parameter effectanalysedsee Fig. 4.9.
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Fig. 4.9. Sirface plots of diameténcrease versus process inputs (a and b), insertion force
versus process inpufs and d), and removal force versus process inputs (e and f).

From figure Fig. 4.9a, the highest values of DI were obtained when the PRF was low.

Due to an increased heatitigne (from lower PRF), a larger amount of energy was

input to the surface and consequently a larger melt pool was produced, in turn resulting

in a higher DI. On the other hand, by increasing the laser power from 300 to 400 W,

sufficient melting should oas. However, a further increase of the power from 400 to

500 W could cause oweneltingdue to lowesolidificationtime leads to reduction in

diameterof texture.
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Based on the results shown in Fig. 4.9b, for pasivalues of OV% the Dwill be
considerably lowered due to owerelting. By comparing Fig. 4.9a and 4.9b, it seems
that when the power and OV% were minimum and negative, respectively, and over
melting occurs, then a higher value of DI can be obtainedtserd is an optimum
range of PRF between 14220 Hz.

Figs. 4.9c and 4.9d show the response plots of IF values obtained at various ranges of
power, PRF, and OV%. Both of the plots indicated that enhancing the amount of PRF
will lead a sharp decrease in. Iln fact, when the PR iincreased, due to the fast
heating and cooling steps, the amount of residual stresses can be increased that may
cause the formation of a brittle surface, lowering the resistance of the material under
the insertion force. On theher hand, when the PRE fow, then the possibility of
austenitemartensitic phase transformation occurrence will be increased, resulting in a
surface hardening of the material and a higher insertion force. Therefore, by a suitable
heattreatment procesduring laser movement, higher bond strength, gripping,
insertion and removal force can be provided. Fig. 9d demonstrates that positive values
of OV% could sharply reduce the bond strength. This could be due to-itintneg

and overheating that couldtdeorate the formationfanartensitic phaselso, these

phase transformations are known to be sensitive to the heating/cooling cycle time and

temperature.

Fig. 4.9e and 9f demonstrate the variation of RF for tested input PRF, power, and
OV%. Almost, thesame trend for the IF wabbtained for the RF in case of power and
overlap. From the bond strength point of view for having a suitable cold joint, it can
be concluded that at high laser powers which brings a high thermal energy, a strong
bond can be obtaed if the OV% is negatevand the PRF value is lower than 220 Hz,

where suitable conditions for martensitic phase formation would be obtained.

4.5. Conclusion and Future Perspectives
This research dealt with the simulation and approximation of diameteragegre

insertion force and removal force for Laser Surface Textured 316L interference fit

joints with two supervised learning approaches. For finding the effect of a mixture of
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inputs on the responses, two models FFNN and ANFIS were used. However, to
determne the accuracy of the developed models, different error parameters were
examined for a variety of model structures. By testing and training of various FFNN,
3-5-1 structure for Dand IF and &/-1 structure for RF are selected. The selection of
the struaires was made on the basis of the lowest value of MAE. ANFIS 2
structure with Gaussian2 MF and backpropagation optimization, D sigmoidal MF and
hybrid, and Pi shaped MF showénlowest RMSEs for DI, IF and RF, respectively.
The ANFIS model produce \wer values of PEP compared to FFNN. Hence, it was
selected as the most powerful simulation for approximation and analysis of the
responses. The effect of each processing paran{betesd on interaction terms) was
investigated by using response surfacescwiwere plotted based on the ANFIS
model. With suitable laser processing parameters, higher gripping insertion and
removal forces can be provided and at higher laser powers, tikedd/% is negative,

and for PRF values lower than 220 Hhe ANFIS hassaneadvantagesver FFNN,
including the ability to capturethe nonlinear structure of a process,adaptation
capability, and rapid learning capacity. ANFIS uses either backpropagatior a
combination of least squares estimation and backpropagation forarsngbfunction
parameter estimationANFIS algorithm has a hybrid learning approachesn its
structure. Thus, ANFIS has the advantageto combine both ANN and Fuzzy
knowledge.So ANFIS is moreprecisein term of prediction.Due to the fact that the
laser sirface texturing processing technologies are really -bagt process, the
developing model can give a vision regarding to the selecting of best process
parameters without needing & high number of experiments. Otherwise stated, to
reach desirable perforance in each process, the developed model is beneficial to
select optimal parameters without conducting extensive experiments and it has a strong

economic justification

Since ANRS has proven a good tool for approximation of results, ANFIS model can
beapplied as objective function to select optimal parameters of manufacturing process,
in which the process reaches to its desirable mechanical properties by using the

metaheuristic l[gorithms such as simulated annealing algorithm, bee colony and etc.
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Chapter 5

Selective laser melting: an alternative
approach for the manufacturing of 316L
stainless steel pres#fits

Publication Status: UnderPreparation

H. SohrabpoorR. TaherzadeMousavian, R. Raghavendra, K. Y. Benyounis, Baraheni, MA.
Obeidi, I. Ul Ahad, D. Brabazon

Abstract

In this study, selective laser melting (SLM) as a novel approachutilased for
manufacturing of 316L stainless stegd$sfit insertions by concentratiran the effect
of textureprofile geometryspecificationsincluding shape, pitch, and height ¢he
insertion and removal forces of higkrength coldormedjoints for highendfixation
application. For tesepurposs, the correlation between the miesaiface texture size
and shape andforementioned outputaere studiedutilising a Box-Behnken of
response surface methodology (RSM). The experiaheesultsshowed that the teeth
height has @redominaneffect It was dso found thathe pitch shape of téxre can
effectivdy be set to provide enhanced contoeer the bondingstrengthof the press
fit joints. The results showetthata largerpitch hal a slighty positive effecton joint
bond strength possibtue to highedegree ointerface between th@n surface profile
andtheinternal surface of the hulbhe shape of the texture us also important. In fact,
trapezoid and triangular shapes of the teeth lead to stronger gamitpared with
oval texture profiles, and the traces of adhesive and abrasae respectively were
detected on the inner surface of the Huls important to note that due to a limitation
in the SLM process for making precise edges and the formatrowmigh surface,
abrasive wear was also detected for the trapezoid shhjgchaptershows thathe
additive manufacturing (AM) process can opgra new windowof opportunityfor
thedevelopment of metallic knurled press fit applications.

Keywords: Selective laser meltinginterference fit joints; metal surface texturing
knurledpins; Response surface methodology; B@hnken design.
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5.1. Introduction

Joining is a processing technique which is employed to assemble individual
components or structures to ultimately build a la@gsembly Presdit is a joining
method which providea relatively easy method for the joining of materials while
bonding thenvery securely togeth§t,2]. It is commonly used therefore for assembly
during production as well as in repair applicatidngecent years, pressdttave been

used in mangectasincluding transportation, agricultural machineries antbmotive
industries In many of these applications it is used for increasing the capability of the
joints, includng thetransmission of axial force frothe shaft to inner surface of hub
which is assiseéd through the design definition of the generated plasticfaction
forces [3,4] Knurled press fatraditionally consist of twanaintype of pins including
those ofstraight and helical shape of textuWith straight press fipins, adhesion
occurs as aesult ofthe uniform shape othe interferencepin and hub surfacen
knurled fit jointsthe pin textured surface can be designedubinto the b hole
surface[4]. With a singlehelical direction of the surface profileexture such asa
single45° knurl, the pin is guidedo turn into the hub as it enters through the hole
making evertightercontact with the inner surface of the hole. Therefore, radial forces
resulting from helical texturesffects morethe interior surface ofa press fitjoint
compared wittstraightgrooved pins [4]During the creation of a press fit, batlastic

and plasticdeformationoccurs. The extent of deformation is directly relatedhts®
texture shapand the interfering volume of material [Ph apressfit, thepi n6s t ext u
is animportant factor in bonding and adhesiortltd pinto the holan the hub region

and it is crucial to know hothis texturerelates to the joint properti¢s].

The dmensiors of the textureand selection of an appropeananufaturing technique

that can provide these atbereforeimportant considerationg5,6]. In fact, the
gualification of connection insertioforce (IF) and removal forcdRF) are highly
sensitive to theuality of the surfaceexture.For lower cost pplications, theexpense

of labour andheoperating proceds achieve high quality interference fit components
may not beeconomical using traditional fabrication processes [7,8].

Obeidi et al. used CO> laserto produce surfacéextures on stainless steepin

insertions ananeasuredhe resultingnsertion and pulbut forces [9]. Although, this
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techniquavas successfully applied manufacturg@inswith defined texturgthe range

of texture profiles could be increased using metal Additiamilacturing/AM) [9].

Recently, additive manufacturing (AM) techniques including selective laser melting
(SLM) have been used to fabricate metal paitis defined surface texturésr various
applications [10,11,12]. SLMan be used to fabricate samples with vesynplex
suface textureq11,12]. This technology represerd realistic alternative to many
conventional manufacturing techniqudétshas been well shown th&LM allows the
fabrication of near fuldensity highresistance metallic components via fusion and re

solidification ofthefine metallic powders1[3-16].

316L stainless steel is part of the austeiféiily of steelswhich have beensed from

the 19" century for interference fit joint applications [7,9]hesealloys have desirable
mechanical characteriss including goodcorrosion resistance, elastic distortion and
high ductility [17-19]. Due to the good properties, relatively low cost, and ease of use
within both powder bed fusiorand electron beam meltingstainless steels are
commonly used in metal ANRO,21]. Based on the&e characteristicsSS316L steel
was selected to fabricate the knurled joints and one of the aims of thiswssty
confirm the usability othis steelfor generatingextures on interference fit pins to

enable interference pregsjbints.

In press fit technology, the strength of joiningesbn different process parameters
including the size of joihub andpin, the surface profildimensiors andthetolerance
between thgoining surfaces [7,9]. Some studies have bemmducedto investigate

the effect of different input parameters on the load bearing ability of knurled pins [22].
Investigation of process parameters and identifying the most significanttfzetican

be perfom with different ways including machine learning am$ponse surface
methodology [23]. The limitation of modelling data with artificial intelligence model
is number of experiments whidh noted as requiringt least 30@lata set$24]. This
other notedsolution to correlate relationship between inputs asgonses is response
surface methodology (RSM) whicfor smaller data setgan result in better
understanding aheimpact of active factors and their interaction on the process [24].

Multiple indepement variables can be examined throulgh RSM method Wich
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consiss of a statistical and mathematicalodelling of the relationship between the
inputs and outputf26]. Box Behnken design is a great tool for investigation of the
process parameters whicgitiudedthree leves of inputs and compagdo other dsign
matrices requiresa relatively smaller number of experiments [267ig. 5.1 reveals

the basic schematic of SLM process.

Fibre laser

Recoater

Powder layer

Fabricated part

Poyg Build platform
er Suppy, chany,
Cr

Fig. 5.1. Schematic of SLM process

To the best knowledge dhe authors, no attempt has been maolenanufacture
knurled pins via the SLM process. In tlggidy, he interference fit joint surfaces are
accurately designed with a focus on fharameters of achievable surface profile
height, pitchsize, and the shape. The outpmsasures including the achieved profile
dimensions as well as the insertion foftie) and removal forceRF) were assessed
with RSM.
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5.2. Experimental procedure

5.2.1 Material

The AM pin insertion material used wasgas atomizedspherical SS316L powder
granules with a Gaussian size distribution sizeging from 1550 um Gupplied by
LPW Technology Ltd, UK) anttadan average patrticle size of 27 um (see big).
The chemical composition of the stainleteel poweérsas supplieds listedin Table
5.1 The powder grains were mostly spherical in ghapilea very small number of

irregular shaped particles were revealed.

Table5.1
Chemical composite of as supplidti6L stainless steel powder.
Chemicalcompositions C MN N P S Cr Mo o Ni Si Cu

Mass fraction (%) 0.023 09 009 001 0.005 177 232 00 127 07 0.01

b Pafticle Size Distribution
100 50
90 45
80 40
o~ D 35
z
4 60 30
a
S s0 25
- 40 20
2 3p 15
20 10
10 S
0 0
0.1 1 10 100 1,000 10,000

HM D93 x500 200 pm d (microns)

Fig.5.2 316L stainless steel powder. (a) SEM imagd(b) particle sizedistribution.

5.2.2. Equipment

The laser powegcan speedhatch spag and focused spot size uses in the SLM process
were 195 W, 1083 mm/s90 ¢ mand 7@ m r e s p leaset an dedauly EOS
parameters for 3161An EOS 280M AM metal printewhichwasused to fabricatthe
knurled pins The CAD files for the pins was set as 30 mm in length and 10 mm in
diameter. Various textures were added on these pin surfaces as described helow. T
realting diametersvhich is height of texture plus diameter on the fointhe SLM
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processre slightlylarger thanhie reamed hub internal diamef€ne build volumeof

the EOS printer wa®50x250x325 mm andhelayer thicknes$or processing was set

at 20 € mThe build platewas preheated and maintained atenmperatureof 80°C

during the building proces3helaser vavelengthoperated witin the range of 1060

to 1100 nm. The inner core of the paes scanned first, followed by the outeamtour.

For cuttng the prepared samples off from the plate, a wire EDM was lrsedder to
perform theinsertion and removal teghe hubs were manufactured with a 30 mm
outer diameter and 10.050 + 0.003 mm internal dianmteneans of a CNC lathe
machine The innerdiameter of the hubs hole was reamed to the final dimension after
initial rough machiningn order to achieve the tolerance in diameter and eliminate
nontroundness. The dimension of textures and surfaces were measured using a digital
Vernier and optic mi@scopy. he measuredccuracy otthe texture printed byhis

SLM process was withit50e m i n bot h hei ghst and pitch

A Carl-Zeissscanning electron microscop®/O-LS15 SEM was used tosualisethe
morphology of the surfacebefore andafter theinsertiorremoval testing The
experimental measurement of the textoeéoreafter theremoval tests was performed
via a3D optical profilerKeyence ® digital microsopy. The insertiorand removal
tests wergerformed at a constant speedsahm/min relativeto axial displacement
between thdwub and shaft.Fig. 5.3 reveals how strategy of the fibre laser scanning
with EOS software in SLM device is. After defining all of strategy and location on the
plate, 316L stainless steel samples adjustethé powder supply chamber. Fi#.
shows the fabricated interence fit joints samples while they are sintered on the plate.
Then, a wire EDM utilized for ultrprecise cutting samples from the plate (Fig. 5.5).
Fig. 5.6 represents the full instrumenthieh was used to measure the accuracy of
manufactured specimetia EOSINT M 280. Fig. 5.7 shows the insertion and removal
testbeing performed with &wick Z-50 universal tensile and compression testing
machine
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Fig. 5.3. Scanning strategfpr (a) trapezoidal(b) oval,and (c)triangular textures; and
schematic ofd) pins placement as built, top vieand (e)isometric viewof sample layout
on build plate
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Fig.5.5. Wire EDM for ultraprecise cutting samples from the plate, (a) V 650 G device, (b)
close view of cutting samples from the plate amd in the water

96



Fig.5.6. (a) Keyenece 3D digital microscope, (b) BruKgsitron TI premier, (c) Bruker
Dektak XT Stylus profiler, (d) Bruker contour GT 3D optical microscope, (e)E806
SEM
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Fig.5.7. Insertionand removal loadlisplacement testing shovgr{a) the testing machine
and (b) a magnified view gfin, hub and sample clamping measurement

5.3.Modelling Procedure

To find response of process factors with respect to process quality characteristics,
second order mathematical modelstioé processvere developed through response

surface methodology. According to following equation.

O e 1o Pk - (1)

where 9 represents the predicted respgnseand & are the independent facsor

I hif andl are the intercept, the firsrder constant coefficient, and the quadratic
constant coefficient, respectively is the linear constant coefficient for the
interaction between féars Eis the number of factors, ands the error. To develop
thesemodels, a commercial statistical package Design Expert V9 was utilized and the
validity of the quadratic mods were evaluated by analysis of variances and
coefficient of determinatione. R.

In the present work studihethree predominate factors afréace texturehosen for
analysis wer@rofile shape ofhetexture thepitch ofthetexture, andheheight ofthe
texture. Tablé.2summarizes the process factors #relcorrespoting experimental

deign setevels Based on &ox-Behnken desigrfpr three independent parameters at
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three levels, 17%et of parametergvere investigated, sedable 5.3 A stepwise
regression met hod waamderypslymamialtEqg. (1y tahet he s
experi mental dat a modelterme[15/16Fd. 5t8Mmegealstheg ni y ¢ «
threedimensional (3D) microscopy image of textured samplie same statisticabware

was used to generate the statistical and responseftnts.9shows the CAD designs

developed usin§olid-works softwae version 2018 SP&s well as SEM morphologies

of the corresponding shapes. It can be observed that in trapezoid shape, due t
limitation of AM process, a rough surface was formed on the smooth external surface

of texture that should be exposed to a cantait the hub surface. It can be seen that

triangular shape has a relatively sharp edge compared with the oval shape.

Tableb5.2
Process variables and their levels.
Process Unit  Symbol Code levels
parameters 1 0 1
Shape of texture - A Oval Triangular Trapezoid
Pitch of texture pum B 400 600 800
Height of texture pm C 300 500 700
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Table5.3
Experimentake parameters and resulting insertion and removal forces

Insertion Removal Volume Overall

Trapezoid 600 700 49.23 10.4 157.29 11.33
Triangular 400 300 14.8 0.73 48.4 10.46
10 Triangular 800 300 21.7 3.8 49.7 10.49
11 Triangular 400 700 45.12 9.6 110.06  11.29
12 Triangular 800 700 54.9 10.83 11534 11.29

Std  Shape (Pltrzh Height force force (mm?)  diameter
G ) N (1) (m?)
1 Oval 400 500 39.5 6.5 125.8 10.89
2 Trapezoid 400 500 43.8 8.92 108.2 10.91
3 Oval 800 500 42.4 7.64 121.99 10.92
4  Trapezoid 800 500 48.1 10.2 113.27 10.93
5 Oval 600 300 16.48 0.91 72.59 10.49
6 Trapezoid 600 300 17.4 1.8 67.87 10.48
7 Oval 600 700 42.4 8.1 177.63 11.30
8
9

13 Triangular 600 500 44.2 9.3 78.87 10.89
14 Triangular 600 500 43.2 8.8 78.87 10.89
15 Triangular 600 500 41.1 6.95 78.87 10.90
16 Triangular 600 500 44 9.12 78.87 10.90

17 Triangular 600 500 40.3 7.03 78.87 10.89

Fig.5.8. Threedimensional (3D) surface textuoé sample 3 with contour GT 3D optical
microscopy
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Fig.5.9. Schematics of the CAD designs with tajgngular (b) trapezoid, (c) oval; and SEM
images of as metal AM produced (b) triangular, (d) trapezoid, and oval textures.

5.6. Results and discussion

5.6.1. Microstructure and mechanical properties of samples

SLM samples wre polished first and etchddr 12 secondswith dilute aqua regia
(H20: HNO3: HCI=6: 1: 3), and then rinsed with alcohol and dried. The interfacial
microstructure and fracture surface were respectively obseritedhe EVO-LS15
SEM at Dublin City Univesity laboratory.The SEM microstructures revealed a

martensitic and a cellular microstructure. The austenitic martensitic transformation can
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be attributed to the rapid solidification rate inside the melting pool when the laser
moves fom one spot to anotheFig. 5.10a shows the optical microscopy images
parallel to the(building direction) BD, showing the melt pool boundaries after
eteching. Fig.5.1 shows the optical microscopy imagef the samplein the
transvere directino theBD, showing the solided melt pool boundaries wittpood
metallurgical bonding. No evidancealfick of fussion, unmelted powdeos porosity

can be observed. Fi$.10c shows a higimagnification OM image of the sample
transverseto the BD, showing ththe different small gains with different orientation

in the vicinity of(melt pool boundryMPBs.

(a) Jro Layerlayer
MPB

Melt pool 4 B Sharp angle

overlap T

Combined boundary|

J

Epitaxial growth

Fig. 5.10. Optical microscopy images, showing (a) melt pool parallel to building direction,
(b) melt pool transverse to theild direction, and (c) a higher magnificatioinaogain
boundary with smaller grains transverse to the build direction.

Fig. 5.11 showsdwo types of cellular structuritom the metal AM samplesSuch structures

with an average size around 300nm wegported previosuly by researched][ Also,
nanoprticles can be observed around the cBised orthe lterature, they are rich in Cr, Mo,
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and Si due to micrgegragation during fast coolingigure 5.12 shows diffenet types of pores
in eteched sanh.

REF 15.0kV WD9mm P.C.50 HV  x18,000 1pm
NRF@DCU 0006 May 21, 2018

REF 15.0kV WDSmm P.C.50 HV  x7,000  2um
NRF@DCU 0006 May 21, 2019

Fig. 5.11. Microstructure observation ofeths built sample, (a) melt pool grain structure, (b)
elongatedyrains

< Ashait v

- lrregular pores

Small spherical pores

BEC 15.0kV WD10mmP.C.54 HV = x130 . *Copm e ‘SED 15.0kV WD x1 0pm e,
NRF@DCU - < e 0008 - - May 21,2019 | NRF@DCU : ! . May 21,2019

| . h
BET 15.0kV,WD10mmH.G.54 HV  x450
NRF@DCU’ {

Fig.5.12SEM image otheashbuilt sample, in which some defects such asnafted
particles, smalgphericalbores, and irregular pores can be observed.
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Fig. 5.13 shows the Nanbardness indentation transverse to the BD. Almost, similar
results were obtained after multiple indentations in a square area of 16umx16um. An
average Youngs modulus of 195 GPa and hardness of 5.9 GPa were obtained. These
results comparwell with the literature, showing that regardless of the small number

of defects that were observed by SEM analysis, suitable mechanical properties were

observed.
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Fig.5.13. Hardness properties of SLM samples.

Table5.4shows theaverageaesults 6 tensile tes{n=3). Compared withhe iterature

[19], it seems that such samples have a considerable ductility, while a higher UTS
around 700 MPa has also been reportethéniterature P0]. The break strairon
average was 80%hichis interesting a# is much higher than asast 316L and even

wrought 316L alloy.
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Table5.4
The mechanical properties of the samples after the SLM process.

Break strain Hardness
Sample UTS (MPa) (%) YS (MPa) (GPa)
0.001St? 607+8 80+4 569+6 5.9+0.4

Fig. 5.14 revealthe SEM image of the surface specimen, showing two spherical pores
around 5 and 3 pum that possibly caused the breaking of the sample. Fig. 15 shows
extensive abrasion of sample after insertion and removal. In fact, severe plastic
deformaion in company wh abrasion occurred which shows that such pins in press

fit application cannot be rased. It is worth mentioning to the suitable bonding ef un
melted particle that after deformation, no detachment occurésb, balling
phenomenon wadiserved on the siace of the pinsvhich is as a resutif instability

of melt pool (MP) attributed to the Marangoni effect which causes the higher surface
tension gradients [20]. This phenomenon can increase the surface roughn&sks Fig.
shows some umelted particlesn the pin surfaces. Fi§.17 shows the surface texture

of sample 4, the pin produced trapezoid shape, height of 800 um and pitch of 500 um.
The inset shows a spheriaatmelted particle in the micro groove section which is
thought tobe as a result afpatteringand the high solidification rate. Fig. 5.18 shows

a SEM image from a surface of the texture. It can be extracted from this image, a
result of friction between surfaces, some scratched materials from inner surface of hub

gottrapped inside #open pores which are in texture of the pins.
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size of pores
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= A

Fig.5.14. SEM fracture surface of tensile specimerfigeye (b) high magnification of
dimples
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Fig. 5.16. SEM images obme unmelted particles on the surface of the texture.
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Fig. 5.17. SEM image from the texture of the pin.

EHT = 15.56 kV Signal A = SE1 Date :23 Aug 2018

WD =47.5mm Photo No. = 1780

= e T

Time :20:17:50
TR TN CTRARS. TS T

Fig.5.18 SEM image of trapped hub materiafterthe insertion tests.
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5.6.2.Development of mathematical models

In this work, analysis of variance (ANOVAjyasused to check the adequacy of the
developed empirical relationshipByo quadratic mdelswere generated, one relating

the profile geometry to the insertion and another relating them to the removal force.
ANOVA test results of the responses, insertion eerdoval force are presented in
Tables5.5 and5.6. In this study, the model F value and the associated probability
valuesP valuewere checked to confirm the significance of the empirical relationships.
In general, ifP value is below 0.05, it means thiaé related model significant. From

the Fvalue assessment, it was found that the predominant factors which have direct
influence on the responses #&ne height and pitch of texture, folled by the shape

of texture. Also, formrables 5.4 and 55, the p values were less than 0.05 for the
parameters and models indicating ttiet moded are statistically significar@ndcan

be used fooutputpredictionand that the parameters have a statistically significa

effect on the output responses

The predictd Rsquared indicates how well a regression model predicts responses for
new observations and the higher thedqRiared, the better the model fits the dateese

are presented in the Tablb.7. In all the cass, the value of the determination
coefficientis closeto 1 indicaing that the predicted data have good agreement with
theactual data. Figl9 showsthenormal probability of the studentized residuals which
prove graphically howwell the predicted datare fitted to the actual data for both
outputs. AlthoughheR-squaredesultsshavs ahigh accuracy of the model, the other
criteria are important for finding out the precision of the RSM model. The adjusted R
squared (TablB.7) comparestte explanatorpower of regression models that contain
different numbers of predictors. The value of the adjusted determination coefficient is
also high, which indicates the high significance of the empirical relationships. The
predicted Rvalues also shw good agreemenvith the adjusted Rvalues. In addition

to that, adequate precision compares the range of the predicted values at the design
points with the average prediction errdiso, the \alues of adequacy precision for
each response was calculateul presenteth Table5.7. It is seen from this table that
thesevalues forlF and RFare25.5119and 17.0717, respectively. In general, if the

ratio is greater than 4, the equation is desirable [22]. Hence, precision of the developed
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modekindicates adquay andthatthey can be used to navigate the design sjidnee.
mathematical relationshsdor correlating the mentioned responses presented in
Table5.8.

Tableb.5
ANOVA results of insertion force.

Sum of Mean

Source DOF F-value P-value Importance
Squares Square
<
Model 2299.5631 5 459.9126 82.4320 0.0001 Sign.
A-Shape 49.5740 2 24,7870 4.4427 0.0385
B-Pitch 71.4013 1 71.4013 12.7975 0.0043

<

C-Height 1779.0613 1 1779.0613 318.8685 0.0001
<

CA?2 396.6225 1 396.6225 71.0883 0.0001
Lack of Fit 38.7322 7 5.5332 0.9776 0.5425 Not Sign.
Tableb.6

ANOVA results of removal force.

Source Sum of Square DOF Mean Squar: F-value P-value Importance

Model 164.77 5 32.95 33.08 <0.0001 Sign.
A-Shape 8.87 2 4.43 4.45 0.0383

B-Pitch 5.61 1 5.61 5.63 0.03%9

C-Height 125.53 1 125.53 126.02 < 0.0001

(o 24.30 1 24.30 24.39  0.0004

Lack of Fit 3.58 7 0.5111 0.2770 0.9332 Not Sign.
Table5.7

Fit statistial measuresf insertion and removal force

Responses R2 Adjusted Rz Predicted R2 Adequate Precisn
Insertion force 0.974 0.9622 0.9373 25.5119
Removal force 0.9376 0.9093 0.88 17.0717
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Table5.8
Predictiveequatiors for theforceresponses in terms of actugput factors (Shape: S, Pitch:
P and Height: H).

Output Oval Triangular Trapezoid

-61.8483+0.0149%xP+

IF  66.7983+0.0149%xP+0.. 63.9562+0.0149*Pitch 0.3168%xH0.0002xH2

168 xH0.0002xH?  +0.3168 xH0.0002xH2

R

E 20.4313+0.0044P+0.0 19.0687+0.0041xP+0.1 18.3838+0.0041xP+0

797xH-0.0000%H?2 797xH0.00005%H?2 0797xH0.00005xH2

Furthermore, thadequacyf the modelsan be evaluated using diagnostic diagrams
including normal probability distribution diagram oésidualsand the diagram of
predicted values versus real valugisownin Figs.5.1% and band Figs. 5.19c and d,
respectively As can be seen in these diagrams, the points lie on a relatively straight
line, suggesting the constancy of the varianceramchal distribution. In the normal
probability distribution diagram of residuals, the points are aligned along an almost
straight line. Also, good correlations between predicted values and real values
regarding IF and RF confirm the adequacy of the moutefsredictingthe forces
generated in the press fit technique using SLM fabricated pins within the investigated
parameter leveld-ig. 5.20illustrated studentized residuals vs. predicted values which
revealed that all colour points representing m#daand RF had been scattered
randomly and uniformly close to zeaxis and had constant range of residual across
the graph which illustrateabsence of constant variané&egraphin Fig.5.21shows

a guideline forchoosingthe correct modelBased on the belmbda value, which is
found at the minimum point of the curve generated byatite selectedf the 95%
Confidence Interval around ith lambdashows one, then the software does not

recommend a specific transformation.
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Fig.5.19 Normalprobability plots of the studentized residuals for IF and RF (a, b),
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(a) Box-Cox Plot for Power Transforms Box-Cox Plot for Power Transforms
9

—~
\S)
=

8 " 12
».
7

6

Ln(ResidualSS)
Ln(ResidualSS)

4.32711

Lambda Lambda

Fig. 21.Box-cox plots, (a) insertion force, (b) removal force

5.6.2Validation of the developed models

I n order t o veri fy t he adequacy of t he
experiments fo each texture were carried out, these experimemte randomly

selected from the investigated range. Using the point prediction option in the software,

all the respose values can be predicted by substituting these conditions into the
previous developed models. TaBl® presents the experiments condititim actual
experimental values, the predicted values and the percentages of error for all responses.

It is clear hat all the values of the percentage of the error for all the two responses are

within good agreement (all erare below 10%)indicatingthe validity of the
models.
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Tableb5.9

Confirmationfor randomly chose parameters within the investigatgerimenal range

Exp no. Factors Values Responses
Pitch Height
Shape (um) (um) IF (KN) RF (KN)

1 Oval 800 500 Actual 39.745 7.6
Predicted  43.0085 8.16375
Error (%) 8.2112 6.9

2 Oval 600 700 Actual 43.82 8.1
Predicted  43.0085 8.16375
Error (%) 3.2438 6.386

3 Trapezoid 600 700 Actual 49.239 10.441
Predicted 50.1914 9.9125
Error (%) 1.9343 5.06

4 Triangular 800 700 Actual 47.931 10.83
Predicted 51.071 11.8037
Error (%) 6.5511 8.991

5.6.4.Effects of inputs on nsertion and removal force

Due to the unique specifications thfe AM process, stainless steel 316L pins were

fabricated and characterized. In order to find the effect of shape, pitch size and height,

various types of pins were prepared éestedby inseting them into hub of defined

size. ThdF and RF were reported @mthen using RSM, the best conditions and effect

of process parameters on responses for obtaining strong joints were evaluated. Fig.

5.19shows contour plstof theeffects ofpitch, heigh andshapeontheinsertion and

removal forces. Some important ptsrcan be drawn from this figurEirst of all, as

expected by increasing the height of texture IF and RF were dramatically increased. It

is very important to note that befotbe final design of the presentedexture

geometriesdifferent heightavere evaluateth a set of screening experimematsd i

was found that a heiglim therange of 300700 pmwassuitable for this application.

It can also be observedat when the maximum possilileight is used, then treeis

less local responsdfectfrom theotherinput parameters on IF and RF.
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Fig.5.22 Colour map ontour plos of insertion and removal forces ftire pitch shapeand
atthethree different levels of height.
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Secondly, fom the Fig5.22it is seen thathat the highest values of IF and RF were
obtained when the shape of texdus trapezoid, and the oval shape ledlightlower

levels of joint strengthFig. 5.23 shows the surfaceesponsemorphology of some
samples a#ir insertion and removal, it cdre expectedthat triangular shapeoald

cause abrasive wegee Fig. 5.23)while trapezoid shapgeneratednore adheson

with the hub surfacevhile due to the limitations of AM process (see-cetbred circle

in Fig. 5.21b), the surface is rough and traces of abrasive wear as well was detected
and shown in Figs.24 Third, it was found that a higher pitch size where the height is

high lead to maximum value of IF and RF.

In Figs. 5.23a and ¢no considerable surface afian (elastic and plastic deformation)
was detected for the samplest®afgular, pitch: 40 um, and height: 30@im) and 6
(trapezoid, pitch: 60Qm, andheight: 30Qum). It was revealethat withthetriangular
texture (for example sample 10), IF and ®REre at maximum valus and related
sample presented kig. 5.24 showedconsiderable abram (plastic deformationf
thesurface after insertion and removal. It is interesting from the higher magnification
SEM morphologyof sample 6 (Fig5.7d) that theunrmelted powderst the surface
were smoothenedue to the severe abrasion betw#epin andhub surfaceduring

insertion and removal.

It can be observed that hitering thetexture parameterstrong bonds can be formed
in pressfit applications. Aso, AM technology can be highly recommended for such
applicationsafter a suitablsurface finish processhis study opens a new window for
development of metadditive manufacturing for interference fit joining applications
In future, the effect of stace finishing processes after SLM also needs to be

examined.
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Fig.5.23 SEM of the samples surface morphologies, after insertion and removal, of (a)
sample 9, (b) sample 10, (c and d) low and high magnification of sample 6, and (d) high
magnificationof sample 12.
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