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PLASTIC INJECTION PARAMETER OPTIMIZATION STRATEGIES FOR
MOLD SET-UP REDUCTIONS VIA SOFT COMPUTING TECHNIQUE S IN
A MULTI PRODUCT SYSTEM

ABSTRACT

For changeover time reduction, the famous metha@yoloamed single minute
exchange of dies (SMED), introduced by Shigeo Shinigas been applied in
production plants for years in lean manufacturiogpg. The main philosophy of this
technique can be summarized as "make it simplekaag it simple”. However, this
simplification is not possible for all the stepsafthangeover. In the last part of a
changeover, which is also named as trial runs apasanent, injection parameters
are manipulated to resolve quality issues thatodadng trial productions after the
mold is changed. This session requires a deep leamel and experience, hence,

only dedicated personnel called setup experts aadlf this session.

In this dissertation, two popular soft computingheiques, fuzzy inference
system (FIS) and multilayer neural networks (MLNMYye used to capture this
domain expertise. The primary objective is to disiie the domain experience to
non-expert plastic injection personnel to eliminatgert scarcity and to increase
flexibility. A systematic elimination of defect aas is presented to define the core

scope that handles all the possible quality isanestheir solutions with fewer rules.

Proposed soft computing solutions are implememeaiwell-known international
wiring device manufacturing plant together withraject team of setup experts and
production staff. The results show that both FI8 8LNN could generate correct

defect resolution actions on injection parameters.

Keywords: Plastic injection molding, quick changeover, par@neetting, expert

system, fuzzy inference system, multilayer neuedivorks



COKLU URET iM SISTEMINDE KALIP HAZIRLAMA SURELER iNi
AZALTMAK ICIN SOFT COMPUTING TEKN iKLER i YARDIMIYLA
PLASTIK ENJEKSIYON PARAMETRE OPT iMiZASYON STRATEJILERI

0z

Kalip desisim sirelerinin kisaltilmasiyla ilgili olarak Shigeshingo tarafindan
ortaya atilan ve kisaca SMED (on dakikanin altiriddip desisimi) olarak
adlandirilan mghur yontem, yillardir yalin dretim kapsaminda uyma
gelmektedir. Bu tekg@in temel felsefesi “basitigir ve basit kalmasini g&®” olarak
Ozetlenebilir. Ne var ki, kalip @eiminin tim adimlari basitkgirilebilir degildir.
“Deneme uretimi ve ayar” olarak adlandirilan kadggisiminin son adiminda kalip
degistirildikten sonra yapilan deneme Uretimlerinde yatgikan kalite problemleri,
enjeksiyon parametreleri ayarlanarak gideriimeyksiga. Bu islem derin bir bilgi
birikimi ve tecribe gerektirdinden sadece bu alanda uzmamig bir ekip

tarafindan yarataldr.

Bu tez caymasinda, bulanik ¢ikarim sistemi ve ¢ok katmanpayasinir &lari
kullanilarak bahsi gecen uzmanlk bilgisi elde ediye cakiimistir. Temel amag,
uzmanlik bilgisinin déer enjeksiyon personeli tarafindan kullaniimasagias/arak
uzman sayisindaki kisidi azaltmak ve Uretimde dghiekttirmaktir. En az sayida
kuralla bir kalip dgisiminde kasilasilabilecek tum kalite problemlerine ¢6zim

Uretebilmek igin tasarlanan sistematik vaka eletr@emi calgma icinde verilmgtir.

Onerilen esnek hesaplama sistemleri, uluslaréiasiektrik cihazlari Greticisinin
Uretim tesisinde, enjeksiyon uzmanlari ve Uretimspeelinden olgan bir ekiple
beraber uygulanmgiir. Calsma sonuglari, hem bulanik ¢ikarim sistemi hem de ¢o
katmanl yapay sinir@arinin, enjeksiyon hatalarini gideren ¢ézimleteb#digini

gostermgtir.

Anahtar kelimeler: Plastik enjeksiyonla kaliplama, hizh kalipgdémi, parametre

ayarlama, uzman sistem, bulanik ¢ikarim sistenki,kggmanli yapay sinirg@ari
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CHAPTER ONE
INTRODUCTION

1.1 Motivation

Small lot production is an important element airlemanufacturing that reduces
variability in the system. Lot size directly affectnventory levels, scheduling
activities, lead time to customer and quality & firoduct. The biggest challenge in
lot size reduction is the cost of setup. In ordedécrease the setup cost, setup times

must be reduced.

SMED is the most popular technique in changeowes reduction which mostly
uses simplification and standardization logic. Heare not all of the steps of
changeover could be simplified by SMED. The lagipstnamed trial runs and
adjustment, is a quite complex session whereinzzmof quality issue is resolved
by injection parameters manipulation. Although $eiremphasized the magnitude
of this session, it slides over the problem by assg “as long as preceding
improvements are applied properly, adjustments balleasier”. It is true up to a
point; however, eliminating the need for this sesds not possible due to sensitive
nature of molten plastic. Moreover, each change@er unique parameter setting
problem that must be solved within minutes. In #mplication, this session is
handled by a limited number of experienced persooaked setup experts. In the
cases that the number of the molds waiting for ghamer is more than the number
of setup experts on a shift, either the machinesstpped or continue production
until an expert becomes available. So, even SMEplamentation is completed,

changeover still remains unpleasant due to theregparcity.

On the other hand, knowledge is precious and shbel recorded. It is not
uncommon that once a setup expert decides to teajeb, production planning unit
has to increase batch sizes to decrease the setgpehcy which is the exact
opposite of what lean philosophy says. Such a kadgé record should also be used

as a training material for newcomers.



1.2 Gaps in the Literature and in Real Applications

Parameter setting is a hot issue for both praottis and academicians; however,
no study is presented from changeover perspechiast of the studies in the
existing literature focus on finding optimal injext parameters, also named as initial
set, in the launching phase of a new mold to defiree level of parameters that
provides a defect-free product at a reasonablefoost newly manufactured mold,

or for a mold which is in the design phase yet.

Initial parameter setting is a tough task sincgtatts from scratch and the time to
find the optimal set is less important than reaghiin But for parameter setting
during a changeover, initial set is used as aistagoint, and the aim is re-setting
the optimal set which is shifted due to the unadl@ble factors. During a

changeover, the challenge is the time limit thatasmore than several minutes.

In initial parameter setting, the conditions atabte. The trials are done on the
newly manufactured mold that has no wear, withe shme period of the day, and
the year, in the same environment (temperature ramdidity), and on the same
machine. Therefore, the data collected during tiadstcan be used in the design of
experiment studies. However, once a new mold star& used in mass production,
all of these conditions are subject to change.rRaier setting during a changeover
is performed under these dynamic conditions thatemeach changeover a unique

case.

The vast majority of the studies in the literataensider parameter setting to
resolve one or two major quality issues. On thetremy, in changeover parameter
setting, all possible quality issues should be iamed at the same time and without

leaving any unresolved issue.



1.3 Objective and Method of the Research

The primary objective of this dissertation is topitae the expertise of setup
experts using soft computing techniques. The ouécmma user-friendly interface to
be used by injection machine operators who will emekangeover parameter setting
instead of setup experts. The proposed solutiomotstargeting the elimination of
current knowledge possessors, contrarily, aimsdtvate them to lead the operators

on the way to achieve a leaner production.

The secondary objective is to build quality awassnen the machine operators by
drawing them in the consideration of understandivegrelationship between product

quality and production parameters.

Fuzzy inference system (FIS) and multi-layer neaetivorks (MLNN) are used
to map this relationship based on the knowledgsettdip experts. The performance
comparison of both techniques is presented alort thie pros and cons of their

application.

1.4 Organization of the Dissertation

In Chapter 2, basic information about plastic itiggt molding from design to
mass production is presented. The factors affettiagproduct quality are introduced
and classified. The injection defects are briefkplained together with their root
causes. In Chapter 3, the three parameter settiodesnare introduced and a
comprehensive literature review is presented tceakwthe gap about handling
changeover parameter setting. In the same chdmerhallenges in the changeover
parameter setting are explained. In Chapter 4jekamyerview of SMED is given to
show its shortcomings about elimination of adjusitae and the reasoning
mechanism of setup experts is explained. Fuzzyclagd fuzzy inference system
(FIS) is briefly explained to build an expert systéhat captures the reasoning of
setup experts. In Chapter 5, a real implementatfoRIS for changeover parameter

setting is presented with the performance stasisind with the results of real



molding trials. In Chapter 6, the same case stadyandled with multi-layer neural
networks (MLNN) to evaluate the advantages and ddmsatages over FIS and
comparative results are given at the end of thetehaFinal remarks are given in
Chapter 7.



CHAPTER TWO
PLASTIC INJECTION MOLDING

2.1 Molding Basics

Plastic injection molding (PIM) is one of the madstvorite manufacturing
techniques. One-third of total plastic consumptianthe world belongs to the
products produced by PIM (Rosato & Rosato, 2000 Tapability of producing
complex shapes, fine details with excellent surffinesh and high dimensional
accuracy at low costs and high production ratesemlis technique appealing.
Moreover, in this type of production, scraps canubed by recycling. The biggest
disadvantages of PIM are the high tooling and egeimt cost and high know-how

requirement in design and manufacturing.

PIM can be described as the repetitive processjetting melted plastic into a
mold which is held under pressure until the moltesolidified. This process has five
main steps: (1xlamping closing two halves of the mold securely by hyticau
clamping unit, (2)plasticizing withdrawing the dried plastic granules from the
hopper and melting through a heated barrel,ir{@ction injecting the melt using
horizontal movement of the screw with a controllgnot size, (4)packing
maintaining the melt under pressure for a specifi@e to prevent backflow and to
compensate the volume loss during solidificatid),dooling and ejection waiting
the melt inside the mold to solidify and ejectihg final product. The process cycle

after clamping is depicted in Figure 2.1.

Injection molding machines (IMM) are composed bfee main components:
injection unit, clamping unitand mold (Figure 2.2).Injection unitis responsible for
both heating and injecting the plastic raw matefiakin). The reciprocating screw
located in the barrel gets the resin from the hofie open bottom storage bin) by
both rotating and sliding axially. The resin is tedl by pressure, friction and the
heaters around the barrel while advancing throlghmold. The melt is injected

quickly through the nozzle at the end of the baarel packing pressure is applied to



avoid thermal shrinkage and volume losses. Therecating screw retracts after the

material solidifies to get more resin from the hepfor the next injection cycle.
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Figure 2.1 Plastic injection process cycle (Sinof&917)
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Figure 2.2 Plastic injection molding machine (Cuspartnet, 2017)

Clamping unitis responsible for closing the mold halves seguaeld opening for
ejection of the product. Each half of the mold isumted to the plates of the
clamping unit. One of these plates is fixed andatier is moveable. The mold half

that has the cavities is attached to the fixedepdad is aligned with the nozzle. The



other half called the mold core is attached tortfveable plate and slides through
the bars. The ejectors are also located in this MMs are classified based on the
tonnage of the clamping force. Bigger parts reqmae tonnage. The viscosity of
some resin may also require more tonnage. Clampmitg are designed to cover a

very large range of molds under several classes.

Molds are generally made of steel or aluminum. A mold thashalves named as
mold core and mold cavity (Figure 2.3). These tvantp constitute the part cavity
when closed. Multi-cavity molds are used to produoere than one part at one
injection cycle and these cavities may be similadissimilar. The entering point of
the melt from the nozzle into the mold is namedspsie. The sprue is a kind of
channel that is integrated with the additional ctes transferring the melt into the
mold cavities. These additional channels are naamsedinner and the ending point of
these runners are called as gates. The mold hasnaler channels to solidify the

melt before ejection.
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Figure 2.3 Plastic injection mold (Custompartnétl 2)

Mold/part design is very crucial for successfuldurction. The melt should flow
through the cavities easily. The thickness of thg phould be as thin as possible to
decrease the cycle time by reducing the time neéafesblidification. This will also
help to reduce the material cost. The thicknegb®part should be uniform in order
to provide a uniform cooling and to reduce the disfeSharp corners increase the

stress on the part and cause defects so they mustibded. For the ease of ejection,



the part wall should have a draft angle. Ribs shdad added for structural support
instead of increasing the wall thickness. Bosseslshbe supported by ribs.

The most frequently used raw material in PIM igtheplastics. Some thermosets
and elastomers are also used. For colored prockither masterbatches are used by
mixing during injection or self-colored raw matdsianay be preferred. Based on the
expectations from the final product, different mssiare chosen with different
properties that also dictate the process paramépeessures, temperatures, and
durations). These technical properties of the sesire given in the datasheets
provided by the suppliers. For example, ABS (Acmtidle Butadiene Styrene) is a
strong, flexible resin with low shrinkage risk almv cost and used in automotive
industry. PC (Polycarbonate) is a tough, transpaaad temperature resistant resin.
The viscosity of ABS and PC is different so a md&bsigned for ABS may cause

problems if PC is fed instead. Property window oflely used resins is given in
Figure 2.4.
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Figure 2.4 Range of resin properties (Rosato & Rp$000)

2.2 PIM Process from Design to Mass Production

In order to provide smooth production throughch tife-cycle of the mold, a
strict verification and validation process is folled before the mold is given to the
plant for mass production (Figure 2.5).
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Figure 2.5 PIM process from design to mass produocti

In PIM, part (product) design and mold (tool) desare different but interrelated
processes. At the very beginning of the journey,DR&epartment prepares design
alternatives in accordance with the expectatiomsnfrthe product in terms of
appearance, functionality, cost and volume of temahd. Failure mode and effect
analysis (FMEA) is used to select the best deddgatotypes of selected design are
manufactured using 3D printers, CNC machining oeagh aluminum-made
prototype molds. These prototypes are tested anéeifled early design changes are
made. With the approval, the part design verifaratis completed and technical
specification for the mold of the part is defindthis specification includes the part
drawings, measurements and tolerances, numbervifesa resin type to be used,
the material of the mold, desired runner and gatgh, desired cycle time and the

capacity requirements of the injection machine.



The technical spec defined as the result of tedesign process is used as the
input in mold design studies. Again, based on tiegence from previous projects
and by using the important design rules, mold desig create 3D models in the
virtual environment of special software. The 3Dvdrays are then uploaded into the
simulation programs to predict the performancehefrhold. Some of the capabilities
of these programs are; draft analysis, thicknessméation, undercut detection,
geometry check, parting line recognition, flow slation, cooling analysis and
prediction of major injection defects like sink rksyrweld lines, and some cosmetic

defects.

Designing the product and designing the toolingl{ of that product require
different specialties. Product designers are mostlyketing oriented and they have
lack of tooling background. In order to decreasettme of a product launch to the
market by eliminating subsequent corrections ondisign or modification of the
currently manufactured mold, tool designers aretévto the part design process.
With this concurrent engineering approach, expextat of customers can be
interpreted in terms of moldability at the earlysigm stage; an environment of cross
training occurs that increases the abilities ofhbpart and tool designers and tool

designers can anticipate potential changes sodhesider compatibility in tooling.

2.2.1Drivers of Product Quality in PIM

Selection of the resin (plastic raw material) aatection of the injection machine
are two important headlines that are as importarntha design itself, and these three
are directly cross-related. In this dissertatibieytare named as “primary factors” to
the molding performance. The expectations from feduct dictate them
simultaneously. As an example, if the product igsezted to be sound, wall thickness
of the part should be carefully examined and anrdgkiat would provide the
soundness should be selected and the machine dheddenough clamping force to
inject this resin into the mold. In an another epbemif the annual demand is too

high, the mold is designed with multi cavities dhd total molding cycle time is set
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as short as possible, thus the resin should haye fflow rate and quick cooling

capability and the injection machine must have dampe with rapid production.

Expectations from Part

Cost
<: Cosmetic Appearance

Functionality
Mechanical Properties

Part / Mold
Design

Process Parameters

Figure 2.6 Drivers of product quality in PIM

The “secondary factors” affecting the product guare the process parameters.
Injection process parameter set is just like aribanmt” in the gearbox (Figure 2.6)
that helps the primary factors to work smoothlye3é& parameters atemperatures
(of melt, mold, nozzle, barrel etgdressureqof injection, holding and packing), and
duration (of injection, cooling, packing). Even if thereagreat compatibility among
design-resin and machine, the process fails toym®djualified products unless the

process parameters are set properly.

The last type of factors that affects the prodaeiality in PIM is the
“organizational factofs These factors are mostly observed in mass primtuand
generally arisen from negligence. Hindering theiquéc maintenance of the
machine, equipment and tooling, poor warehousird) @oor 5S tightens the noose
and triggers the troubleshooting mode. These tigreeips of factors affecting the

product quality can be summarized as in Figure 2.7.
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Figure 2.7 Cause and effect diagram for produclityua PIM

2.2.2Plastic Injection Defects

Both in the design process and in real productibe,type and severity of the
defects give clear insights about the problem. Thuslerstanding the mechanism
behind an injection defect is crucial to take neaeg actions. In this section, the
types of the injection defects and the main roaisea are briefly explained (see
plasticportal.net). Each of the causes is addresspdrenthesis to one or several of

the factors mentioned in the previous section.

2.2.2.1Black Specks

The dark/black points on the molded part surfadguflé 2.8) are the result of
either contamination or thermal damage. The bagicce of contamination is poorly
cleaned injection unit, oil leaks, uncovered rawtarnial storage and dirty regrinds
(maintenance). In order to prevent the black specksirred due to thermal damage,

the source of excessive heat should be taken wuarol (parameter). This is done

12



by decreasing melt temperature, injection speegressures and reviewing mold
design to reassess the sharp/dead corners whickag® temperature by friction

(design).

il

Figure 2.8 Black specks (Plasticportal, 2017)
2.2.2.2Charring Streaks

Charring streaks are the silvery, splash-like apgreze on the molded part surface
due to excessive thermal damage that usually oaeulr® regions which cause high
friction like a small nozzle or narrow flow crosscsions (Figure 2.9). The gaseous
substance inside the melt creates bubbles whicliramsferred into the cavity and
flow to the surfaces as charring streaks. Redudtiamection speed, barrel or nozzle
temperature, screw speed, residence duration ibdlel or in back pressure is the
proposals related to parameter management (pamgme&tate and runner design

should be re-examined to avoid excess frictioni¢mgs

Figure 2.9 Charring streaks (Plasticportal, 2017)
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2.2.2.3Cold Slug

The tailed flows of a cold piece of plastic thasdidified between two shots in
the nozzle, and is forced to enter into the cawiith the melt (Figure 2.10). This
issue occurs due to poor sprue/runner design thatahlack of slug prevention
(design) or low nozzle temperature (parameterjhéf issue cannot be resolved by

the increase of nozzle temperature, the runnegdesiould be re-evaluated (design).

Figure 2.10 Cold slug (Plasticportal, 2017)

2.2.2.4Colored Streaks

Colored streaks are the differences in color anrtiolded part surface (Figure
2.11). The sole reason is the non-uniform distidsutof the color pigments.
Homogeneity of the colored mixture should be insesla mechanically by using

smaller size granules (material) or changing thecsigations of the screw
(machine).

Figure 2.11 Colored streaks (Plasticportal, 2017)
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2.2.2.5Deformation on Demolding

Unsuitable or excessive application of ejectiomcédo may result in tears or
fractures on the molded part (Figure 2.12). Unlikevarpage case, the deformation
is mostly seen on ejection points or at the underfihne points which are hard to
demold). Modification of the cooling time, or molttmperature (parameter),
improving ventilation inside the cavities (desigm)application of slip coating to the

mold surface is proposed for the resolution.

Figure 2.12 Deformation on demolding (Plasticpor28l17)

2.2.2.6Delamination

Delamination means the case of facing peelingobfthe molded part surface
(Figure 2.13). The resin layers are bonded impigpiwe to excessive shearing of
the cold melt in combination with intensive coolimg the mold. The possible
reasons of delamination are; high injection speed &njection temperature
(parameter) and un-uniform resin (material), whigts different crystal structures
during cooling.

Figure 2.13 Delamination (Plasticportal, 2017)
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2.2.2.7Diesel Effect (Burn Marks)

Improper ventilation in the mold causes the alvédrapped by the melt flow. The
entrapped air heats up so much and burns the paidce (Figure 2.14). For
resolution, vents should be checked for contanonatimaintenance), injection
speed, melt temperature or back pressure is dectdparameter), or the location of

venting holes is re-considered (design).

Figure 2.14 Burn marks (Plasticportal, 2017)
2.2.2.8Ejector Marks

The marks in a form of depression or gloss diffeeeor whitish discolorations
may occur during ejection of the solidified prod{Eigure 2.15). The excessive
ejection length (parameter), the small surfacej@fters (machine) may cause these
marks. Insufficient cooling time or high back press may also create this defect

(parameter).

Figure 2.15 Ejector marks (Plasticportal, 2017)
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2.2.2.9Entrapped Air

Actually entrapped air is the root cause of burmrks or short shots, however,
here the bubbles visible close to the surface efgrt is mentioned (Figure 2.16).
To prevent air from being trapped, flow pattern gage design should be improved
(design), any leakage between nozzle and sprueirgusthould be checked

(maintenance) and decompression via screw strak@dhe reduced (parameter).

~

Figure 2.16 Entrapped air (Plasticportal, 2017)

2.2.2.10Flash

Flash is the excessive plastic squeezed out peiqear to the part (Figure 2.17).
For resolution, clamping force should be increasadjnjection speed, injection
pressure, mold or melt temperature should be dsedegparameter), and/or the mold

should be checked for wear (maintenance).

Figure 2.17 Flash (Plasticportal, 2017)
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2.2.2.11Glass Fiber Streaks

This defect may be observed with the use of anresintaining gloss fiber
additives. Glass fiber particles tend to solidifyiakly when meeting the mold
surface. Due to different mechanical propertiesesfn and glass fiber, dull matt to a
shiny metallic appearance on the molded part besonséle based on the angle of
light mostly due to the inadequate flow rate of mhelt (Figure 2.18). For resolution,
injection speed or melt temperature is to be irswda(parameter) and the

homogeneity of the resin should be ensured (m#teria

Figure 2.18 Glass fiber streaks (Plasticportal,7201

2.2.2.12Gloss Differences

The gloss difference may be in different stylese T¥hole surface of the product
may be either too glossy or too mat, or partiakgldifferences are observed (Figure
2.19). This defect occurs mostly in the regionshvdifferent wall thicknesses. Un-
uniform cooling and the un-smooth part surface megult in gloss differences
(design). For resolution, mold or melt temperatoreback pressure should be
increased (parameter) or the surface of the madaildhbe shined (parameter) and

the homogeneity of the resin should be ensurede(iadjt

Figure 2.19 Gloss differences (Plasticportal, 2017)
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2.2.2.13Gramophone Effect

These are the marks on the flow direction paratlekach other in a form of
furrowed structures (Figure 2.20). The main reasahe reduced flow speed of the
melt front due to low mold temperature, low injectispeed or low melt temperature.
Increasing the temperature of the mold and melinaneasing the injection speed is
advised for resolution (parameter).

Figure 2.20 Gramophone effect (Plasticportal, 2017)

2.2.2.14Incomplete Filling (Short Shot)

Short shot is the case of incomplete molded pad tuinsufficient material
injection (Figure 2.21). Possible causes are, fepdhasufficient resin to injection
unit, leaky non-return valve that fails to prevehé melt slipping back over the
screw from the cavity, insufficient pressure orhifilling resistance due to the
viscosity of the resin or mold/runner design. Fesalution, amount of resin in the
hopper should be checked, injection speed, molthelt temperature (parameter)
should be increased, the ventilation system shbeldmproved to prevent from
entrapped air, or runner/gate design that causssyre losses is altered (design), or
an easy flow raw material should be selected (rizd}er

Figure 2.21 Short shot (Plasticportal, 2017)

19



2.2.2.15]etting

Jetting is a sneak-like pattern on the part surfatarting from gate due to
undesirable turbulence and splitting of the floanfr (Figure 2.22). The unique root
cause is the high flow rate so the remedies adwsedthe reduction of injection
speed, increasing melt temperature (parametegrgng the gate, and rounding the

gate entry (design).

Figure 2.22 Jetting (Plasticportal, 2017)

2.2.2.16Matt Areas

Low gloss surface on the product due to insufficferce to push the melt against
the cavity wall (Figure 2.23). For resolution, tadequacy of injection pressure,
mold and/or melt temperatures are checked (paranete design of ventilation
system and gates should be reviewed (design), @aap-flow material should be

selected (material).

Figure 2.23 Matt areas (Plasticportal, 2017)
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2.2.2.17Moisture Streaks

If the resin is not dried properly or if thereany leakage from water channels
(used for cooling) inside the mold (maintenancedals bubbles of water vapor occur
(Figure 2.24). These bubbles burst on the surfatieeomold while being pushed by
the melt flow. For resolution, the drying conditoof the resin both in the storage
area and inside the hopper should be controlledf@dold should be controlled for

any leakage.

Figure 2.24 Moisture streaks (Plasticportal, 2017)
2.2.2.18Mold Deposit

In the use of a resin containing additives, thpoddé may be left due to high
processing temperature (parameter) or poor veiotigmaintenance/design) (Figure
2.25). For resolution, temperatures in the procdssuld be checked, ventilation

system should be improved either via maintenanaesign changes.

Figure 2.25 Mold deposit (Plasticportal, 2017)
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2.2.2.19Sink Marks

Sink marks are the depression on the part suvfdadeh can also be identified by
a gloss difference (Figure 2.26). They occur in tegions where the melt
accumulates and create excessive volume shrinkgigeulting the surface layer
inwards. Sink marks may occur also after ejectibhe remedies proposed are
increasing back pressure, reducing melt/mold teatpeg or injection speed
(parameter), or altering the wall/rib thicknesgate design (design).

Figure 2.26 Sink marks (Plasticportal, 2017)

2.2.2.20Stress Cracking or Micro cracks

These kinds of cracks are visible as whitening aodur due to internal or
external stress (Figure 2.27). External stresskamgcmay show up after days or
weeks from production due to environmental effectisappropriate process
parameters like high injection and back pressuigh hnjection speed and/or
overheated melt increases the internal stressehalts in cracking (parameter). Poor
draft design (design) and/or wrong ejection systefaction (machine) also increases
the internal stress during ejection. Use of exeessiold release sprays also impedes

proper bonding of the molecules and result in dragk

[N :
Figure 2.27 Stress cracking (Plasticportal, 2017)
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2.2.2.21Tiger Lines

Tiger lines are the parallel melting pattern oa thold surface due to the use of
multiphase blended resin as PC-ABS or ASA-PC (EigRr28). Increasing melt
and/or mold temperature (parameter), enlarginggttes (design) or using an easy-

flow resin is recommended (material).

Figure 2.28 Tiger lines (Plasticportal, 2017)

2.2.2.22Voids

During injection, air may be entrapped inside thelt. Unlike bubbles, voids
always occur in the region of the core plastic (Fég2.29). The main root cause is
the volume shrinkage due to insufficient packingtie areas where the melt
accumulates. For resolution, decompression shoeldetuced, the speed of back-
return of the screw should be reduced, back presshould be increased, the
temperature of melt/mold or injection speed shddddecreased (parameter), gates

design should be improved, and thinner ribs shbaldsed (design).

Figure 2.29 Voids (Plasticportal, 2017)
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2.2.2.23Warpage

Warpage is the dimensional distortion on the mablgart as twists and turns
(Figure 2.30). Differences in packing and resireotation result in non-uniform
shrinkage thus warpage occurs. For resolutionnioaldilling of the mold should be
controlled to reduce the shrinkage differencesthadvall thickness differences, and
sharp corners should be avoided (design), or bae&spre, injection pressure, or
injection speed should be increased for a dengection (parameter), or an easy-

flowing and less shrinkable resin should be setefieaterial).

Figure 2.30 Warpage (Plasticportal, 2017)

2.2.2.24WNeld Lines

Weld lines occur due to the inability of two mslteams to knit together (Figure
2.31). The main reason is the early solidificatire to inadequate temperature and
pressure. This defect creates weak surfaces instefnmechanical properties. For
resolution, injection speed, back pressure or meltl temperature is increased

(parameter) or ventilation and gate design is reeved (design).

Figure 2.31 Weld lines (Plasticportal, 2017)
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CHAPTER THREE
MODES OF PARAMETER MANAGEMENT AND CHANGEOVER
PARAMETER SETTING

3.1 Three Modes of Injection Process Parameter Setting

Management of process parameters plays an importda to build a robust
plastic injection process from initial design to sagroduction (Figure 3.1). In the
design phase, aforementioned primary factor contbin are assessed by
optimizing secondary factors for each case in &irenvironment. In another words,
the best design-machine-resin combination is et@tuainder different process
parameter set with the aid of molding simulatioogsams. This process is called

virtual parameter setting.

With the soft validation, the mold is manufactyrédus primary factors are
already defined and fixed. During injection moldintpe plastic raw material is
exposed to high rheological and thermo-mechanitanges (Kashyap & Datta,
2015). Due to the sensitive nature of plastic impeg the real molding performance
differs from the expectations in simulation studiés detect and resolve the molding
issues in real production, the mold is transfeteetthe trial production team. The aim
of this step is to define the optimal process pa&tans that recover injection defects
and minimize the cost of molding under real prosuctconditions. This step is

calledoptimal (initial) parameter setting.

After the validation of the mold in trial produeti, the optimal set is recorded and
the mold is launched to the mass production. Fon eaangeover session during the
mass production, the initial set should be modifiedause it shifts from its original
point due to the noise factors, which are explaimedthe following section.
Therefore, after mounting the mold of the next picidn the production plan, the
optimal set is recalled from the database and asethe initial set to redefine the

shifted optimal set. The trial and error based p&tar adjustment in this session is
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called changeover parameter settingwherein setup experts try to resolve the

injection defects to start the mass productionlimaed time.

Design, Resir & Machine
alternative

Virtual process parameter
Optimization in simulation
software

<o
yes

Loss of Time
& Money

Desigr, Res_lr & Machine is CheckPrimary Factors and
fixed . .
3 Take Corrective Actions
Manufacturing the mold
v no
Optimal (initial) parameters are yes
defined via real molding trials @
based on real defects and «
no CheckOrganizational
OK » Factors and Take Corrective
Ves Actions
—>] Mass Production
v

Changeover parameter yes no

setting to find the shifted |« OK
optimal point \/

no CheckOrganizational
OK » Factorsand Take Corrective
ves Actions

Figure 3.1 Parameter setting modes in the life tifng mold

In the cases that parameter setting is uselessswlving the quality issue, the
troubleshooting mode is activated to find the prablem. If the root cause is one of
the organizational factors, e.g., dirty mold suefaa corrective action is taken and

parameters are re-adjusted. If re-adjustment cditinot resolve the issue, then the
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primary factors (design, resin, and machine) arecoresidered. Observing a
troubleshooting mode in an injection process revd¢hht the process is not well

designed and/or periodic tasks are not followegnaperly.

3.2 The Hot Topic: “Plastic Injection Parameter Optimization”

Many studies are presented in the literature te riee relationship between
multiple-input vs. single/multiple output of PIMgwess and to optimize the process
parameters that meet the expectations from the edoldart. Plastic injection
parameter optimization problem can be formulateihasquation 3.1 (Kashyap &
Datta, 2015).

Determine x=(x;j =12 ...,m)T (3.1)
To optimize Q(x) = (fq(x); q=1.2, ,,_,n)T (3.2)
Subject to hi(x,y)<0; i=1.2,..,c (3.3)

xP<xj<x™ j=12..,m (3.4)

] ]

Where x represents process parameters, within the rangz}lbij(”)); Q is the

overall quality characteristics expected from thedpict; h; represents the limitations

concerning cost, loss and efficiency gpdepresents the plastic injection defects.

In this section a comprehensive literature revieswgiven (Table 3.1) with
classification regarding the quality indices the¢ @onsidered to improve process
parameters, data collection method, the environrtteattthe data is gathered from
(real: actual molding trials, virtual: software grams like MoldFlow), model
approximation method, the optimization method, tyy@e of optimization, and the
verification environment (real, virtual). Abbrevi@ans used in process parameters are
“D” for duration, “P” for pressure, “T” for tempenare, “S” for speed, “VP” for
transition from velocity to pressure, “$” for siaad “#” for number. Abbreviations

used in optimization methods are “ANN” for artifitineural networks, “ABC” for
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artificial bee colony, “DFP” for Davidon-Fletchee®el method, “DOE” for design
of experiment, “El” for expected improvement, “EPi6r enhanced probability
improvement, “GA” for genetic algorithm, “PSQO” fgrarticle swarm optimization,
“RSM” for response surface methodology, and “SQBf $equential quadratic

programming.
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Table 3.1 Classification of the studies about pdasfection parameter setting

Writers / Year

Altan (2010)

Alvarado Iniesta
Garcia Alcaraz, &
Rodriguez Borbon
(2013)
Chang & Faison
(2001)
Chen & Kurniawan
(2014)
Chen, Cheng, Wang,
& Chien (2005)
Chen, Chuang, Hsiao,
Yang, & Tsai (2009)
Chen, Fu, Tai, & Deng
(2009)

Chen, Huang, &
Huang (2013)
Chen, Huang, & Hung
(2010)

Chen, Lai, Fu & Chen
(2008)

Chen, Lee, & Yu
(21997)

Chen, Liou, & Chou
(2014)

Quality Indices

Shrinkage

Warpage

Shrinkage
Warpage & Length
Warpage
Warpage

Length & Weight

Warpage & Shrinkage

Warpage & Shrinkage

Part Weight

Silver Streaks

Warpage & Length

Process Parameters
Tmelt, Pinj, Ppack, Dpack

Tmelt, Tmold, Ppack, Dpack,

Dcool

Phold, Dhold, Tmold, Pinj,
Tmelt, Pback, Dcool
Tmelt, Sinj, Ppack, Dpack,

Dcool

Tmold, Tmelt, Sinj, Sgas, Pga:
Disp_inj, Delay_gas, Dpack

Tmelt, Tmold, Sinj, Ppack
Tmelt, Sinj, Pinj, VPswitch,

Ppack, Dpack

Dinj, Pinj, Dpack, Ppack,
Dcool, Tcool, Dmold_open,

Tmelt, Tmold

Dinj, Pinj, Ppack, Dpack,
Dcool, Tcool, Dmold_open,

Tmelt, Tmold_surf

VPswitch, Dinj, Ppack, Sinj

Dfill, SO_fill/postfill, Sinj,
Flow_Coolant, Dpostfill,
Trunner, Phold, Tinj, Tmold,

Dhold

Tmelt, Sinj, Pinj, Ppack, Dpack

Data

Collection

Method
Taguchi
ANOVA

DOE

Taguchi
ANOVA
Taguchi
ANOVA
Taguchi
ANOVA
Taguchi
ANOVA
Taguchi
ANOVA
2-Phase
Taguchi
ANOVA

Taguchi
ANOVA

Taguchi
ANOVA

2-Phase
Taguchi
ANOVA

Taguchi
ANOVA

Data
From

Real

Virtual

Real
Real
Virtual
Virtual

Real

Virtual

Virtual

Virtual

Real

Real

Model Approx.

ANN

ANN

1. ANN (Cpk), 2.
ANN (Quality)

ANN

Dual RSM

ANN

1. ANN (Cpk), 2.
ANN (Quality)

Optimization
Method

(Taguchi
Verif.)

ABC

(Taguchi
Verif.)

1. GA 2.
PSO & GA
(Taguchi
Verif.)
(Taguchi
Verif.)

GA

(Taguchi
Verif.)

(Output
Prediction)

GA

(Taguchi
Verif.)

1. GA 2.
PSO & GA

Param.
Setting
Class

Real

Virtual

Real
Real
Virtual
Virtual

Real

Real

Virtual

Virtual

Real

Real

General
Class

Meta-
model

Meta-
model

Taguchi

Meta-
model

Taguchi

Taguchi
Meta-
model

Taguchi

Meta-
model

Meta-
model

Taguchi

Meta-
model
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Table 3.1 continues

Writers / Year Quality Indices
Chen, Su, Chiou, &
Chiang (2011)
Chen, Wang, Chen, .
Fu (2009) Part Weight
Chen, Zhou, Wang, & Warpage & min-max
Wang (2010) ink pressure
Chuang, Yang, é Warpage & Tensili

Hsiao (2009) Stress

Deng, Zhang, & Lam
(2010)

Farshi, Gheshmi, ¢
Miandoabchi (2011)

Shrinkage

Warpage

Warpage & Shrinkage

Gao & Wang (2008) Warpage
Gao & Wang (2009) Warpage
Gao, Turng, & Wang Warpage

(2008)

Short shot, Flash, Sink

He, Zhang, Lee, Fuh,
& Nee (1998)

Mark, Flow Mark,
Weld, Cracking,

Warpage
Huang & Tai (2001) Warpage
Hussin, Saad, Hussi

Warpage

& Dawi (2012)

Tmold, Tmelt, Dopen, Dcycle,
Dinj, Dpack, Ppack, VPswitch

Data
Process Parameters Collection
Method
Sinj, Ppack, Tmold, Tmelt DOE
. . by Taguchi
VPswitch, Dinj, Ppack, Sinj ANOVA
DOE (Latin
Tmold, Tmelt, Ppack, Dpack Hypercube)
- Taguchi
Tmelt, Tmold, Sinj, Ppack ANOVA
DOE (Mode
Tmold, Tmelt, Dinj, Ppack Pursuing
Sampling)
Tmold, Tmelt, VPswitch DOE (Type is
Ppack, Dpack, Tcoolant not given)
DOE
Tmold, Tmelt, Dinj, Ppack (Rectangular
Sampling)
Ppack, Tmold, Tmelt, Dinj DOE (Inf|II|ng
sampling)
DOE (Latin

hypercube +
Rectangular)

Pinj, Sinj, Tmelt, Fclamp, Experts
Dhold, Tmold, Phold, Pback, Interview &
Dcool Molding Trials
Tmold, Tmelt, Dfill, $gate, Taguchi
Ppack, Dpack ANOVA
Tmold, Tmelt, Dpack, Ppac Taguchi
Dcool, Tcool, $runner ANOVA

Data
From

Real

Virtual

Virtual

Real

Virtual

Virtual

Virtual

Virtual

Virtual

Real

Virtual

Virtual

Model Approx.

RSM

ANN
Kriging
Surrogate
RSM

Kriging
Surrogate

Kriging
Surrogate
Kriging
Surrogate
Kriging
Surrogate
ANN (for fuzzy

rule
generalization)

Optimization
Method

GA
GA & DFP

PSO

(Output
Prediction)

GA

Sequentia
Simplex

El based opt
El based opt

SQP

(Output
Prediction)

(Taguchi
Verif.)
(Taguchi
Verif.)

Expert system that stores the initial operatingditions based on the part, resin and mold dataranthleshooting guide

Jan & O'Brien (1993) based on the experts’ experience. System includ@gproximation or optimization. (Too optimisticémpect the system t

contain all possible combinations)

Param.
Setting
Class

Real
Virtual
Virtual

Real

Virtual

Virtual

Virtual

Virtual

Virtual

Real

Real

Virtual

Real

General
Class

Meta-
model
Mete-

model
Meta-
model
Mete-

model

Meta-
model
Discrete
Meta-
model

Meta-
model

Meta-
model

Meta-
model

Taguchi
Taguchi

Expert
System
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Table 3.1 continues

Param.

Data Data Optimization General
Writers / Year Quiality Indices Process Parameters Collection Model Approx. P Setting
From Method Class
Method Class
Kamaruddin, Khan, & . Sinj, Tmelt, Pinj, Phold, Dhold, Taguchi ) (Taguchi .
Foong (2010) SilFege Dcool ANOVA Real Verif.) Real  Taguchi
2-Phasc (Taguchi
Kang (2014) Warpage & Shrinkage  Dinj, Ppack, Dpack, Dcool Taguchi Virtual = Y Virtual ~ Taguchi
Verif.)
ANOVA
Karasu, Cakmakeci,
Cakiroglu, Ayva, & - Taguchi (Taguchi .
Demirel-Ortabas Warpage Tmelt, Pinj, Ppack, Dcool ANOVA Real - Verif.) Real Taguchi
(2014)

Kenig, Ben-David, . Tmold, Tmelt, Ppack, Sinj, DOE (Output Meta-
Omer, & Sadeh (2001 vensle fhoulile Dcool (Hadamard) ~ezel AN Prediction) el model
Kurtaran & Erzurumltc Tmold, Tmelt, Ppack, Dpac DOE & . . Mete-

(2006) Warpage Dcool ANOVA Virtual RSM GA Virtual model
Kurtaran, Ozcelik, & Tmold, Tmelt, Ppack, Dpack R (Full . . Meta-
’ : Warpage ’ ’ ’ '’ Factorial) &  Virtual ANN GA Virtual
Erzurumlu (2005) Dcool ANOVA model
Kwond & Smith Expert system that integrates Knowledge Sourcdmutgproduction scheduling, mold selection, maclsiection, cost Expert
(19998) estimation- in a Blackboard database and Case-Basasoning system to predict process parametees loaisthe Real S sptem
similarity of the cases in the Blackboard databésenited to the number of available cases and|anities.) Y
Kwona. Smith. & Lau Expert syster that uses Ca-Based Reasoning to propose process parametersdiafieel previous application stored i Expert
g,(1997), database in accordance with the similarity of pasin-mold-demand info. (Limited to the number whiéable cases and Real S s?tem
similarities.) Aim is initial process parametertses. Y
Lam, Deng, & Au Max Shear Stress . o DOE . ) GA & . .
(2006) Cooling Time Tmelt, Tmold, Dinj (orthogonal) Virtual Gradient Virtual  Discrete
Lau, Wong, & Pun Dsetup, Twarmup, Doperation Exp_erts CNINIES 22 (Output Meta-
Part Length . Interview & Real rule e Real
(1999) Poperation, Tsetup, Tcool h . - Prediction) model
Molding Trials generalization
Li, Li, Si, & Rongji Ppack, Tmelt, Tmold, Dpac DOE . (Outpu ' Mete-
(2015) Warpage Dcool, Pfill (orthogonal) Virtual ANN Prediction) Virtual model
. . S Simplified
Li, Zhou, Zhao, & Li Short Shot, Flash Tmelt, Tmold, Sinj, Pinj, Equations & Real Fuzzy (Oqtppt Real Expert
(2009) Ppack, Dpack, Dcool Experts Int Inferencing Prediction) System
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Table 3.1 continues

Data Data Optimization Param.
Writers / Year Quality Indices Process Parameters Collection From Model Approx. pMetho d Setting
Method Class
Liao, Chang, Chen, . - Taguchi ] (Taguchi .
Tsou, Ho, Yau, & Su  Warpage & Shrinkage Tmold, Tmelt, Ppack, Sinj ANOVA Virtual - Verif.) Virtual
(2004) .
LS, gjl?;O(\)/X? ng, & Warpage & Shrinkage Tmold, Tmelt, Ppack, Sinj ;S%L{?R' Virtual ANN PEeoc;Jit:F:iuotn) Virtual
Lotti, Ueki, & Bretas . . (Output .
(2002) Shrinkage Tmold, Tmelt, Phold, Rflow DOE (C.Comp) irtial ANN Prediction) Virtual
. . Regressior
SEETE & [N Shrinkage Sinj, Tmold, Tmelt, Ppack  Equation from Virtual ANN (Ou_tp_ut Virtual
(2012) others Prediction)
Mathivanan & . . . (Output .
Parthasarathy (2009) Sink Marks Tmelt, Tmold, Ppack, Rrib-wall DOE (Crgp) Virtual RSM Prediction) Virtual
Mehat & Kamaruddin Tmold, Tmelt, Dinj, Ppack, Taguchi - ) (Taguchi
(2011a) Strength & Modulus Dpack, Dcool ANOVA Virtual Verif.) Real
Mehatéco};alr;])aruddlr Strength & Modulus Tmelt, Ppack, Dinj, Dpack ;S%LSX' Real - (I/Z?#Sh' Real
Mehat & Kamaruddin Tmelt, Ppack, Dinj, Dpack, Taguchi ) (Taguchi
(2011c) e e [eeilis Ratio_recycled_resin ANOVA et Verif.) Rzl

Expert Syster of Cas~-Based Reasoning that uses Fuzzy Logic to definsithiarity of the case with the cases in
Mok & Kwong (2002) database and uses ANN for case adaptation basthe part & mold design (inputs) data and procesarpaters (outputs). Real
Aim is initial process parameter setting. Qualitgices: Max shear stress, cavity temperature, g
Expert System of Case-Based Reasoning that usey Eoagic to define the similarity of the case wilfe cases in the

B K(vzvg(r)lg) g database and uses GA-ANN for case adaptation lmestte part & mold design (inputs) data and propesameters Real
(outputs). Aim is initial process parameter settiQgality indices: Max shear stress, cavity tempeea shrinkage.
Mok. Kwond. & Lau Max Shear Stress, Shear Tnozzle, Tbarrel, Pinj, Phold, Molding (Output
' 9, Rate, Cavity Temp., Pback, Fclamp, Sscrew, Dfil, Database of a Real GA-ANN . p. Virtual
(2001) ; Prediction)
Shrinkage Dhold, Dcool, Dcycle company
Oktem, Erzurumlu, & - Taguchi . (Taguchi .
Uzman (2007) Warpage Dinj, Ppack, Dpack, Dcool ANOVA Virtual - Verif.) Virtual

Dinj, Pinj, Ppack, Dpack, Taquchi
Warpage Dcool, $channel, Dist_channel, 9 Virtual ANN GA Virtual
Hgate ANOVA

Ozcelik & Erzurumlu
(2006)

General
Class

Taguchi

Mete-

model
Meta-
model

Meta-
model

Mete-
model

Taguchi
Taguchi
Taguchi

Expert
System

Expert
System

Meta-
model

Taguchi

Meta-
model
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Table 3.1 continues

Writers / Year Quality Indices

Ozek & Celik (2012)

Soundness, Dfill, Dinj

Sadeghi (2000) Pinj

Shelesh-Nezhad &
Siores (1997)

Shen, Wang, & L

(2007) Shrinkage
Shi, Lou, Zhang, & Lu
(2003) Shear Stress
Shi, Xie, & Wang
(2013) Warpage
Song, Liu, Wang, Yu, Part Filling

& Zhao (2007)
Shrinkage, Part Filling

Spina (2006) Shear Stress, Part
weight
Tang, Tan, Sapua
Sulaiman, Ismail, & Warpage

Samin (2007)

Tsai, Hsieh, & Lo Light Transmission,

Surface Waviness?,

(2009) Surface Finish
Tzeng, Yang, Lin, & Strength, & Impact
Tsai (2012) resistance

Sink, Flash, Shrinkage,
Bad Finish, Short shot,
Deformation, Warpage,
Large Dimension, Burn,

Vagelatos, Rigatos, &
Tzafestas (2001)

Gloss, Weight

Warpage & Shrinkage

Process Parameters

Dpack, Tcool, Tmold, Tmelt,
Ppack, Pinj, %_fiberglass
Tmold, Tmelt, Pinj,
Resin_Grade, Rate_flow

Data

Collection

Method

Taguchi
ANOVA

DOE

amount is not given)

Tmold, Tmelt, Dinj,Dpack
Phold

Tmold, Tmelt, Dinj, Pinj

Tmold, Tmelt, Dinj, Dpack
Ppack, Dcool
Sinj, Pinj, Tmelt, $metering,
Thickness

Tmold, Tmelt, Sinj, Ppack

Tmelt, Dfill, Ppack, Dpack

Tmelt, Sscrew, Sinj, Pinj,
Ppack, Dpack, Tmold, Dcool

Tnozzle, Tmelt, Ppack, Dpack
Tmold
Dcool, Tmold, Phold, Fclamj
Dhold, Tnozzle, Sinj, Pback,
Pinj, Splast, Smoldopen1,
Smoldopen2, OpenStroke,
Tbarrel

Taguchi
ANOVA
DOE

(Orthogonal)
DOE (Latin
Hypercube)

Taguchi
ANOVA

DOE (Full
factorial)

Taguchi
ANOVA

Taguchi
ANOVA

Taguchi
ANOVA

Experts
Interview

Data
From

Virtual

Virtual

Virtual

Virtual

Virtual

Virtual

Virtual

Real

Real

Real

Real

Model Approx.

ANN

ANN
ANN

ANN

ANN

Regression vs
ANN

Fuzzy
Inferencing
System

Optimization
Method

(Taguchi
Verif.)
(Output

Prediction)

Expert System application using Case Based Reagtmiretrieve similar cases based on the resin fyge geometry, flow
pattern, and Rule Based System to tune the paresrieteesolve the defects occurring from the sinskt. (Correction

GA
GA

SQP

(Taguchi
Verif.)

PSO

(Taguchi
Verif.)

(Taguchi
Verif.)

RSM vs GA

(Output
Prediction)

Param.
Setting
Class

Virtual

Virtual

Real

Virtual
Virtual
Virtual

Virtual

Real

Real

Real

Real

Real

General
Class

Taguchi

Mete-
model

Expert
System

Mete-
model
Meta-
model
Mete-
model

Taguchi

Meta-
model

Taguchi

Taguchi

Meta-
model

Expert
System
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Table 3.1 continues

Writers / Year

Wang, Kim, & Song
(2014)
Wang, Zeng, Feng, «
Xia (2013)

Xia, Luo, & Liao
(2011)

Xu, Yang, & Long
(2012)

Yang (2006)

Yin, Mao, & Hua
(2011)

Yin, Mao, Hua, Guo,
& Shu (2011)
Zhao, Cheng, Ruan,
Li (2015)

Quality Indices

Compression Strength
Shrinkage

Warpage

Flash, Shrinkage ar
Part Weight
Wear Mass Loss,
Friction Coefficient,
Strain
Warpage & Max Clam|
Force

Warpage

Warpage, Shrinkag
Sink

Process Parameters

#gates, $gate, Tmold, Tmelt,
Volswitch, VPswitch, Dcure

Tmold, Tmelt, Dcool, Pinj
Ppack, Dpack

Ppack, Dpack, Pinj, Tmelt,

Dinj, Dcool
Tmold, Tmelt, Pinj, Dinj,
Phold, Dhold, Dcool

Dfill, Tmelt, Tmold, Ppack

Tmold, Tmelt, Ppack, Dpac

Dcool
Tmold, Tmelt, Ppack, Dpack,
Dcool
Dinj, Tmelt, Dpack, Ppacl
Tcool, Dcool

Data
Collection
Method
Numerical
Simulation
DOE
(Fractional)
DOE (Latin
Hypercube)

Taguchi DOE

Taguchi DOE

DOE
(Orthogonal)
DOE
(Orthogonal)
DOE (Latin
Hypercube)

Data
From

Virtual

Virtual

Virtual

Real

Real

Virtual

Virtual

Virtual

Model Approx.

ANN

ANN

Gaussian Proces
Surrogate

ANN

ANN

ANN

Kriging
Surrogate

Optimization
Method
GA

(Output
Prediction)

EPI
PSO

(Taguchi
Verif.)
GA

(Output
Prediction)

El based opt

Param. General
Setting
Class
Class
Virtual EE:
model
Virtual Mete-
model
Virtual EE:
model
Real Mete-
model
Real Taguchi
Virtual Mete-
model
Virtual e
model
Virtual Vet
model



3.2.1Assessment of the Studies from Data Collection Adpe

Understanding the parameter space for optimizatouires data collection. The
source of data in parameter setting can be groumed(l) past records, (2)
interviews, and (3) design of experiments. Pasingcare easy to reach and become
life saver in terms of time management. Howevee, Vhlidity, completeness and
correctness of the data are question marks. Ambagpapers, only Mok et al.,
(2001) used past records in their study. The osoewrce of information, interview
method, is used in expert system applications tbecoinformation about the
relationship between inputs and outputs (Jan & @iBr1993; Kwong & Smith,
1998; Kwong et al., 1997; Li et al., 2009; Mok & king, 2002; Mok et al., 2000;
Shelesh-Nezhad, & Siores, 1997; Vagelatos et@D1p

The third type of data source is design of expents (DOE). In parameter
setting, it is the most popular way of data colmtt DOE can be described as
structured set of tests of a process. DOE methadsbe classified as orthogonal
designs and random designs. In orthogonal desities,model parameters are
assumed to be statistically independent, uncoeélabnd can be varied
independently. Fractional and full-factorial desigoentral composite design, Box-
Behnken designs and Taguchi designs are the methmlis orthogonal designs. In
random designs, model parameter values are asslggstl on a random process.
Latin hypercube design, mode pursuing samplingargglar sampling and infilling
sampling are the random designs used in the literatAnalysis of variance
(ANOVA) studies accompany the DOE to define thetistigally significant

parameters for further interpretations.

Although DOE methods reduce the effort needed rndetstand the parameter
space by decreasing the number of experiments, igagre the effect of
interactions. However, the parameters in plastiection are interacting with each
other (Mok et al, 1999). Moreover, Taguchi desighich is preferred intensively in

the literature, uses prefixed values of parametsrsest levels. But the range of
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parameters is continuous, and the optimum point nmype matched with the levels

chosen.

The data source of a parameter setting study eaa tWirtual environment like
simulation programs (MoldFlow) or real molding tsiaEspecially during the design
phase, simulation programs are used to define apforocess parameters, for cost
estimations and defect resolution. Real moldinaidrare used in the studies where

the mold under consideration is already manufadture

3.2.2Assessment of the Studies from Modeling and Optaian Aspect

From the model approximation aspect, the studiasbeagrouped under four classes;
meta-model based optimization, Taguchi predictexpert system applications and
direct discrete optimization. In Table 3.2 the nemsbof studies are given for each

class.

Table 3.2 Studies according to the type of appraxiom and optimization

General Class Sub Class Number of Ratio
Direct discrete Gradient-Based 2 3%
Expert System application - 8 11%
ANN 28 40%
Meta-model based Gaussian Process Surrogate 1 1%
optimization Kriging Surrogate 6 9%
RSM 5 7%
Taguchi prediction - 20 29%
Total 70 100%

The meta-model based optimization method is amroagh wherein objective
functions are approximated into the explicit forrhlow order polynomials with
acceptable accuracy (Dang, 2014). 57% of the Suidighe literature review use
meta-model based optimization. Common meta-moddiafpniques are artificial
neural networks (ANN), Kriging surrogate (KS), respe surface methodology

(RSM) and Gaussian process surrogate (GPS).
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ANN is a powerful tool that can predict highly nimear responses via function
approximation and 40% of the studies in the reviesg this technique. The most
popular optimization technique with ANN is GA (Chétu et al., 2009; Chen et al.,
2008; Kurtaran et al., 2005; Ozcelik & Erzuruml00B; Shen et al., 2007; Shi et al.,
2003; Wang et al., 2014; Yin et al., 2011). Pastisivarm optimization is also used
with ANN approximation (Chen et al., 2014; Chen &rKiawan, 2014; Spina, 2006;
Xu et al., 2012). Alvarado Iniesta et al., (2013gd artificial bee colony together
with ANN to optimize warpage, and Shi et al., (2p1Bed sequential quadratic

programming for optimization.

Surrogate models are established to approximaetitie-consuming computer
simulation software (Zhao et al., 2015). Krigingrsgate technique is one of the
meta-model based optimization which can be usedd&ierministic and highly
nonlinear problems with moderate number of pararedi@ang, 2014). Gao & Wang
(2008, 2009) and Zhao et al., (2015) tried to ojinthe Kriging surrogate model
via El (expected improvement) based optimizatiohe; Zhuo et al. (2010) used
PSO, Deng et al. (2010) used GA and Gao et al.8R208ed SQP to optimize

warpage model.

RSM method is used to express the relationshipvd®t inputs and outputs in
guadratic polynomial form. Generally central comjmdesign based DOE is used to
create the RSM model. Chen, Huang et al. (20100268 et al. (2010), Mathivanan
& Parthasarathy (2009) used RSM modeling for wagpatprinkage and sink mark
prediction based on given inputs. Chen et al. (2Cdid Kurtaran & Erzurumlu
(2006) combined GA to optimize their model thatyteeated via RSM.

The Gaussian process surrogate model is anotharmedel based optimization
technique, which can interpolate and can be usedidterministic simulations for
smoothness. Xia et al. (2011) used GPS to modelwdwgage behavior of the
process and tried to find the optimized parameteat minimize warpage using EPI

function.

37



Direct discrete optimization methods are rarelgdusince this method requires a
complex integration between simulation tool andirofation code (Dang, 2014).
Beside of that, gradient based optimization coneerguickly if the problem is low
nonlinear. Lam et al. (2006) used gradient-basdonagation together with genetic
algorithms to define shear stress and cooling tifashi et al. (2011) used
sequential simplex method to optimize GPS model i@arpage and shrinkage

minimization.

The last method for parameter setting used inliteeature is expert systems.
Expert systems simulate the human reasoning protgssapplying specific
knowledge and inferencing. A typical expert systbas two main components,
knowledge base and inference engine (Mok et aB9)l%act and heuristics about
the domain is stored in the knowledge base andaitth and manipulation is done
via inference engine. In the scope of expert systelan & O’Brien (1993) built a
system that stores initial operating conditionseldasn part, resin and mold data and
troubleshooting guide is coded into the systemdpecwith defects during trials.
Kwong & Smith (1998) and Kwong et al. (1997) triedintegrate all the knowledge
sources about PIM (design, planning, machine andd nselection and cost
estimation) into a blackboard database and aimdithdathe process parameters via
case-based reasoning from the database based similaity of the cases. Mok et
al. (2000) and Mok & Kwong (2002) used fuzzy logimbedded into case-based
reasoning to define the similarity of the casessEhstudies also used GA-ANN and
ANN for case adaptation to define initial processameters that optimize shear
stress, cavity temperature and shrinkage. Sheleghdd & Siores (1997) also built
an expert system that includes case-based reastmidgfine the similarity of the
cases based on resin type, part geometry and #oterp. They also integrate a rule-
based system to tune the parameters for defedutieso

Since the parameter space is huge in PIM proagesgping of all possible
relations and actions using traditional experteysts a tough task. Moreover, the
effectiveness of the systems that use case-baaedmniag depends on the richness of

the database in terms of past cases. Due to timeisations pure expert systems are
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not preferred since 2000s. Traditional expert systdhave been substituted with
fuzzy reasoning. He, Zhang, Lee, Fuh, and Nee (1998d fuzzy inferencing for
“initial parameter setting”. In their study, sevmpes of injection defects, part flow
and part thickness were used as inputs to defireathustment amount of nine
molding parameters. Three fuzzy sets for the sgvefithe inputs and six fuzzy sets
for the amount of change of parameters were defifibdy have generated fuzzy
rules using both the samples that were produceoréeind the real molding trials.
They employed neural networks to generalize theyfuzles. Vagelatos, Rigatos,
and Zafestas (2001) defined fifteen types of defedth five fuzzy sets of severity
and fourteen molding parameters with five fuzzys sgft change amount to resolve

guality issues during mass production.

The number of the fuzzy rules that must be embeadute the inferencing system
increases proportionally with the number of inpatsl/or outputs and their levels. He
et al. (1998) and Vagelato®t al. (2001) did not propose a method to decrease the
number of rules without sacrificing the possiblesesa Moreover, if the rules are
generated from real molding trials, the numberta tules will be limited to the
observations. Neural networks may fail to prediet fuzzy rules of the cases that are
not observed. Without a systematic elimination wés, it is too difficult to allege
that a fuzzy inference system can cover all possibkes, thus, is totally ready to be
used in real environment. However, in injection diodj, there is a strong necessity
to an expert system that will assist the limitednber of setup experts by converting

machine operators into changeover staff.

It is a very important finding that only three pap over 70 tried to handle the
whole set of injection defects (He et al., 1998g#latos et al., 2001 and Li et al.,
2009). The attempts presented in the literaturetignéscus on the optimization of

one or several issues (especially warpage andksiyg).
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3.3 Why a Tailored Approach is Required for Changeovers

During initial parameter setting studies, the ctinds are"static”, which means
the level of temperature and humidity, and the gremdnces of the mold and
machine are relatively stable, and the trials amedwith the resin from the same lot
and trials are conducted on the same injection macfherefore, the required data
can be collected for model approximation and omation. Likewise, the virtual
environment of simulation programs let the decisimakers obtain data from the

same pool for optimization of parameters virtually.

In the contrary, each changeover setting is aumicpse because the conditions
are not the same as in any of the previous chamgsoVhere are four basiadise

factors' that create this dynamic environment in changesive

* During the use of the mold in mass production, meigar, fatigue and
contamination occurs, the performance of the meéddts to decrease and
requires compensation via process parameters ustilnext planned
maintenance.

* PIM has a sensitive nature, and the molding perdmice changes based on
the level of environmental temperature and humidity

* Injection machines with the same capabilities mayfggm different from
each other due to their different maintenance requents

» The gquality level of the resin may have deviatibesveen lots.

Therefore, the optimal set shifts from the inits@t in changeovers. Due to the
noise factors, the direction and the amount of shét are different for each

changeover.
Another challenge in changeover parameter setinghe “time limit” to

accomplish the task. Since the lean target isdaae total changeover time under 10

minutes, the time that can be allocated to paransetting is not more than several
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minutes. In Figure 3.2, the three parameter settiogles and their distinguishing

properties are summarized.
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Virtual Parameter Setting

Initial Parameter Setting

Changeover Parameter

* Virtual process window

« Static virtual environment
» Molding simulations &
cost estimation

 Data acquisition under
same conditions

» Optimization within weeks

* Real process window
 Static real environment
» Defect resolution & cost
minimization

« Data acquisition under
same conditions

e Optimization within days

Setting

* Real process window

« Dynamic real environment
« Defect resolution

e Each case is unique

« Fine tuning within several
minutes

Figure 3.2 Properties of parameter setting modes

In changeover parameter setting, the uniquenesiseofases prevents collection
of homogenous data for optimization. Moreover, tirae limit impedes data
collection to make analysis. Without a data sethlevolutionary and derivative-
based optimization tools are useless. Changeoveameder setting is also too
complex to model using traditional expert systerliaptions, which cannot provide
the amount of change as a function of defect sgviviok & Kwong, 2002).

Contemporary expert system applications, e.gzyfizference, can be applied, as
presented in some of the studies. However, the setemust be broad enough to
cover all possible cases and narrow enough to bpaped and modified easily,
which were not addressed in those papers. Since ithe strong necessity of such an
expert system in plastic injection production, ffieposed system should provide a
complete solution and must be integrated into theleschangeover process. In the
next chapter, a tailored approach is introducedcf@ngeover operations in plastic

injection.
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CHAPTER FOUR
SMED AND FUZZINESS OF CHANGEOVER PARAMETER SETTING

4.1 Importance of Small Lot Production and SMED

One of the biggest challenges of the companies isé the production resources
efficiently to respond customer demand on timewduld be easier if the product
ranges were narrow and demand were stable. Howewass customization is
inevitable to survive in the market, which caudes meed to have broader product
ranges. As range gets wider, forecasting accuracyhese products gets lower and
produce-to-stock strategy becomes unreasonableaiheal cost of carrying stock
for most of the companies ranges from 20% to 36%clivcomposes of 10-15% cost
of capital, 2-5% storage space, 4-6% obsolescein®€p insurance, 1-2% material
handling, and 2-3% taxes (Ross, 1996).

Under these circumstances, small lot productioneimto play as an important
element of lean manufacturing that provides
» Decrease in stock levels and related capital tlenov
» Free floor space via stock reduction.
* Increase in productivity and overall equipmentcéincy.
* Increase in machine available time even if the nemalb changeovers increases.
* Increase in safety via simplified changeovers.
» Simplified housekeeping.
» Lower skill requirements via simplification.
» Reduction of the risk of obsolescence due to derflantiiations.
» Simplified scheduling activities and increasingtonser satisfaction.

» Decrease in quality problems arisen from changeiseeies.
The biggest obstacle in lot size reduction is theetand cost of changeovers. For

changeover time reduction, Dr. Shigeo Shingo inioedl SMED (single minute
exchange of dies) methodology (Shingo, 1985). Timpasal of SMED is mostly
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based on methodological changes and design chaogethe machinery and
equipment to simplify the operations (Mileham, @y|lOwen, & Mcintosh, 1999).

Shingo revealed that without the application of EMonly 5% of a changeover
time is used for mounting the mold, while 50% o time is spent for trial run and
adjustments (Table 4.1). One of the most impon@asons of the huge proportion of
trial runs is the quality of the activities of remag 50%, which are not improved
and standardized before SMED.

Table 4.1 Steps in changeover (Shingo, 1985)

Proportion of Setup

Steps in Changeover Time Before SMED

Preparation, after-process adjustments, checkimgadérials and

tools 30%
Mounting and removing blades, tools, and parts 5%
Measurements, settings, and calibrations 15%
Trial runs and adjustments 50%

This tree-step methodology starts with questior@tigactivities of a changeover
to define whether they require stopping the macbineot. The activities that require
stopping the machine are named internal activaies the others are called external
activities. The proposals in this step are ensutirgg readiness of people, molds,
tools, and equipment in advance, controlling théanchecklists, make them ready in
front of the machine just before the changeoved, @acing the replaced parts back

to the storage area after starting the machine.

In step two, internal activities are convertedetdernal activities mostly via
design changes and/or modifications. Standardizligy mounting, demounting,
dimensioning, centering, securing, expelling andpmng functions, using
intermediary jigs and preparing conditions in aceflike pre-heating the injection

molds) are the proposed improvements for interogviéies.
In the last step of SMED, both external and irdkattivities are re-evaluated for

further improvement. Since molding machines arevijieaguipment, one person

travels a lot during a changeover. A second operatho will work in parallel,
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reduces the demounting and mounting time by haé of functional clamps, which

provide one motion clamping/de-clamping, has adulgantage over use of nuts and

bolts.
Before SMED Stage 1 Stage 2 Stage 3
Internal & External Separate Internal & Convert Internal to Further Improvement on
Operation are not External Operations External Operations both Operations
separated
- Checklists - Prepare operating
— - Function Checks conditions in advance
] - Improved Die - Standardization - Improved storage &
Transportation - Intermediary jigs transportation of
molds and tooling
|
Lot - Implement parallel
b operations
_____________ A A mis . - Using functional
G clamps
- Least common multiple
i system
- Mechanization
— - External Operatior - Eliminate adjustments
" | - Internal Operatior

Figure 4.1 SMED conceptual stages and practicahigoes (Shingo, 1985)

The changeover process in plastic injection camaryzed under two sections;
mechanical setup and parameter setup (Figure M&)hanical setup activities start
with external operations and end with the firstaltrinjection. Preparation,
demounting and mounting the molds, and settingainiarameters are inside of this

step and are able to be standardized via SMED.

On the other hand, parameter setup starts witHirtstetrial shot and lasts until
having the first quality approved product. This sses requires high level of
expertise and cannot be standardized. Currently, setup experts can do this task
mostly using trials and errors based on their diggerThus, the most critical part of

the changeover is totally dependent on personadreqce.
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Machine ! .
Machine is running _| _ is stopped _ | Machine is ing Mechanical Setup Parameter Setup
: * Starts with first trial
! * Starts with external .
) ! i . . i shot ends with the first
Production of | Internal | Production of operations ends with ity ed
Model A | Operations ;| Model B Girst trial shot, quality approve
: i product.
S < > * Can be improved
External e (by SMED), * Session of trial-error,
Operations . standardized and cannot be standardized.
o [ documented.
& :
& i * No high-level * High level of expertise
specialization is on plastic injection is
required. required.
AAAA-A
Time * Machin
Mechanical Parameter Machme operators | S
. erts do th
Setup Setup can do especially after ctup e;:p Sm; ¢
e parameter setup.
° Starting Point of Changeover °End|‘ng Point of Changeover SMED apphcatlons_

Figure 4.2 Comparison of mechanical setup and petemsetup

SMED proposes three techniques for eliminationadjustments (which holds
50% of total changeover time before SMED) in stepeé¢. They are; (1) using a
numerical scale and standardizing settings, (2)gustandardized centering planes,
and (3) using equipment which has multiple fundiom it. However, none of these
three suggestions is useful for plastic injectiomlding. Parameter setting in
injection molding inevitably changes due to theseofactors. There is no issue of
centering the molds onto the machine, and injeatiofds are not suitable to contain
multiple functions on them. For special cases, iwaltity molds may have
dissimilar cavities but in one cycle all the caagtiare used for production no matter
what the demand ratio is. Closing unneeded caviéiegorarily creates problems in
injection balancing.

Dr. Shingo claimed that “SMED is a scientific apach that can be applied in any
factory to any machine”, however, his claim hasrnbesticized in academic area and
also among practitioners because it has been dabéhat strictly obeying SMED
rules in different processes or machines may leddilures in implementation, and

for those cases a tailored SMED approach is redj®ezman & Salonitis, 2013).
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Likewise, a tailored approach is also necessarylfstic injection molding since
SMED proposals has no use in eliminating the tials and adjustments session in

plastic injection mold changeover.

4.2 Understanding the Reasoning of Setup Experts in Clmgeovers

Changeover parameter setting process starts @gtiling the initial parameter set
from the memory of the machine. The type and sgvefithe defect(s) observed in
the trial shots give clues about the molding patam® be adjusted. If the amount of
tuning of a parameter from its previous value idenestimated, the severity of the
defect reduces but cannot be resolved completalythé contrary, if there is an

overestimation, one or several counter-defect(slioc

Briefly, the counter defect is an outcome obsereedthe product when the
adjustment amount of a molding parameter for aadeésolution is more than that it
should be. As an example, the short shot is arctioje defect that occurs if the
molten plastic cannot fill the mold cavity properincreasing injection pressure is
one of the actions to resolve this defect. Howeggcessive injection pressure may
cause flash, which is another defect that can beribed as the squeezed plastic out
of the cavities. So, flash and short shot are tumter-defects. In Figure 4.3, the first
trial is an example of overestimation and the sdcame represents an

underestimation case.

10 +» 05 05 «————» 10

SHORT SHOT FLASH

T
|
I G | R
|
+_$ 2" trial

| |
| |
| |
| |
| |
I I<4é 31 trial
| |
' !

A

Acceptable Regiol

Figure 4.3 Defect resolution process
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In the same example, excessively increased injegiressure may also prevent
the air inside the cavity from escaping throughwuéatilation holes and overheats the
trapped air that results in burn marks on the pcodurface. In the cases that there is
more than one type of defects that require adjgdiifferent molding parameters,
only one parameter is adjusted at a time, thatrigsldo the defect which has the
highest importance. Concurrent adjustment of diffiepparameters makes the current

problem hard to understand and creates confusioatadbe action to be taken.

Experts define the level of inputs and outputkniguistic forms and connect them
with rules. For example, “if there is slight shahot, then increase the injection
pressure slightly”. This rule-based reasoning efesrthe study space. Even if there
is an underestimation or overestimation of the stdp@nt amount of parameters, the
result observed on the product fires the corresipgndile that keeps the decision
maker on the path.

Tackling with a problem without an objective fuioct and mostly based on
expertise requires dealing with uncertainty, imgmeo, partial truth and
approximation to reach practical, robust and lowt@mlution. The techniques that
provide such a solution is nhamed as soft computimghis dissertation two of the
popular soft computing techniques; fuzzy inferegcsystem (FIS) and artificial

neural networks (ANN) are employed for the change@arameter setting problem.
4.3 Overview of Fuzzy Logic
4.3.1Fuzzy Sets and Membership Functions

The fuzzy set theory was firstly introduced bytfLdadeh (Zadeh, 1965). Unlike
classical two-valued Boolean sets, his approachofee door to defining the set as
it is perceived in real life. Zadeh explained hawdefine the grayness of a color (that

is between black and white) mathematically. With bielp of fuzzy sets, the logic of

human thought can be mimicked since the linguigtidables become usable with
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the characterization by ambiguity and multiplicd§ meaning (Kashyap & Datta,
2015). Zadeh (1965) listed the essential charatiesiof fuzzy logic as;

» Exact reasoning is viewed as a limiting case of@gmate reasoning.

» Everything is a matter of degree.

* Any logical system can be fuzzified.

* Knowledge is interpreted as a collection of elasiic equivalently, a fuzzy
constraint on a collection of variables.

» Inference is viewed as a process of propagati@iastic constraints.

In classical set theory, a sets defined as crisp and for an elemer# U, where
U is the universe of discourse; we say eitkef Sor x € S However, in fuzzy
theory,Sbecomes a fuzzy set whetés defined by a membership function showing
its membership degree to S fay U — [0, 1]. The pair of this definition in the fuzzy
set k&, us (X)) is called as a singleton. Af(x) =0 thenx is called “not included” in the
fuzzy setS, if ug(x) =1 thenx is called “fully included”. These two points arfeet

extremes of the fuzzy set which also representsribp set.

Both the degree of truth in fuzzy logic and thelabilities range between 0 and
1. However, fuzzy logic uses the degree as a mattiesth model of vagueness while
probability is a mathematical model of ignorancer Example, the water inside a
bottle is cold or hot with 50% probability. If i$ isaid to be cold, 50% probability of
being hot is ignored. Based on Figure 4.4, 26 °@08% hot. However, in fuzzy
logic, 26 °C is (a%) cold and (b%) hot, which isgliistically warm. Thus, fuzzy
logic is used to express the temperature of themwatvague form via the degree of

membership.
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Figure 4.4 The use of fuzzy membership functions

There are several types of membership functionshwéire mainly derived from
piece-wise linear functions, Gaussian distributitumction, sigmoid curve and
guadratic-cubic polynomial curves. Linear functi@e used suitable for simplicity.
On the other hand, Gaussian functions have thentéalya of being smooth and non-
zero at all points. Studies have shown that limambership functions can provide
similar solutions with complex non-linear functiofidelgado, Herrera, Verdegay, &
Vila, 1993). Sigmoid and polynomial curves can kedito assess the tuning on the
results. In Figure 4.5 the mostly used three mesfiye functions are given with

their mathematical representations.

4
b c
1 b 1 b
0 0
& a £ a d c
H = a;a, b, c;d) = —(x-0)?
f(x;a,b,¢) fC ) Flasa)y=s o
0, x=a 0, x<a
x—a x—a
5 <x=b
P as=x=<b b—a a=x
c—x 1, b=x<c
T b=x=<c ” —
, c=<x<d
0, c=x d—c
0, d<x
a. Triangular MF b. Trapezoidal MF c. Gaussian MF

Figure 4.5 Popular membership functions a) triaagMF b) trapezoidal MF ¢) Gaussian MF
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4.3.2Fuzzy Operators

The logical operators of crisp sets are re-defimeduzzy logic. Conventional
“and” operator (intersection) is substituted by fifipi conventional “or” operator
(union) is substituted by “max” and complement aper as in the crisp sets provide
the same function for different membership degré&amphical representations of

“and”, “or” and “not” operators are given in Figudes.

) A A A

5 ) B 1

%3]

o

E — AorB =

o A and B not A

w| 3 B N /

il

[N E]

(%s]

>

H AorB

=) not A

Co A and B/\ \
AND OR NOT
min(A,B) max(A,B) (1-A)

Figure 4.6 Comparison of operators in crisp setsfanzy sets (Matlab tutorials, 2017)

The intersection operator as a functibf.,.), which is a part of general class of

aggregation operators (also named as t-normsjisatibe following

* BoundaryT (0,0)=0,T(a,1) =T(1a) =a

» Monotonicity: T (a,b) < T (c,d ifa<cand b<d
» Commutativity:T (a,b) =T (b,a)

» Associativity:T (a, T (b,0)) =T (T (a,b),c)

» Tis a continuous function

* IdempotentT (a,a) =a



In fuzzy sets, intersection of two sets is showEdquation 4.1.

Han B(X) = min (Ha(X), ue(X)), I xOX (4.2

The union operator as a functi®(.,.) is referred to a¥-conormsor S-norms

which satisfies the following

* Boundary:S(1,1) =1,S(a,0) =S(0,a) =a

» Monotonicity:S(a,b) <S(c,d)ifa<cand b<d
» Commutativity:S(a,b) = S(b,a)

» Associativity:S(a, S(b,0) = S(S(a,b),c)

» Sis a continuous function

* IdempotentSa,a) =a

Union of two sets is shown in Equation 4.2.

Hall B(X) = max(Ma(x), ps(x)), O xOX 4.2)

A truth table in fuzzy logic for union and intersiea is shown in Table 4.2.

Table 4.2 Truth table for union and intersection

AB|T(AB|S(AB
0/0] © 0
o/1] o 1
1/0] o0 1
11 1 1

4.3.3Fuzzy Rules

Fuzzy sets and fuzzy operators are connecteduwaayfrules in an inference
system. The fuzzy if-then rule assumes the fornx‘i§ A theny is B”, where A and
B are linguistic values defined by fuzzy sets. THe piart of the rule is called as
antecedenbr premiseand the “then” part of the rule is called esnsequenbr

conclusion
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A fuzzy rule may have multiple antecedents andioltiple consequents e.g. xf
is Arandxz is A; theny, is By andy- is Bo.

4.4 Fuzzy Inference System

A fuzzy inference system (FIS) is used to formuilite mapping from a given
input to an output using fuzzy logic. Unlike othewft computing techniques like
neural networks, FIS does not require complex nsdefived from training data but
allows building the system based on a rule setigeavby the experts. The generic

architecture of FIS is shown in Figure 4.7.

Crisp RULES Crisp
inputs — outputs
) )
——»  FUZZIFIER DEFUZZIFIER |——»
i \/ 5 i
! » INFERENCE i
y=f(x)

Figure 4.7 The generic architecture of FIS

4.4.4AMamdani-Type Inference

Mamdani-type inference is the most popular fuzdgrence technique which has
five main steps. The first step“ifuzzification”, wherein crisp inputs are fuzzified by
membership functions. In Figure 4.8, the crisp tnpd corresponds to the

membership function A1 and A2 with the degrees.bfdihd 0.2, respectively.
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Crisp input
x1
Fuzzification
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0.5 =
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0

X1 X 0 yi y
Hix=a1) = 0.5 Wy=81= 0.1
Mix=a2y = 0.2 Miy=82 = 0.7

Figure 4.8 Fuzzification (Michael, 2005)

The second step is thapplication of fuzzy operators’used if the antecedent of a
given rule has more than one part (Figure 4.9). ltiMa values of membership
functions (MF) entering into the fuzzy operator eoeverted into a single output. To
evaluate the conjunction of the rule antecedents)d™ operator is used via

intersection operation of “min” (Equation 4.1) @rtd” (Equation 4.3).

Han 8(X) = prod(pa(x), He(X)) = Ha(X) * ps(X)) (4.3)

In order to evaluate the disjunction, “or” operai® used via union operation of
“max” (Equation 4.2) or “probor” (Equation 4.4).

Ha Ul B(X) = probor(pa(x), Hs(X)) = Ha(X) + ps(X) - Ha(X) * Hs(X) (4.4)

1 1
/ N
0.1
0.0 ||
0 xl X 0 ¥ ¥
Rule1: IF x1s 43 (0.0) OR wyisB1(0.1) THEN zis C1(0.1)
A ‘ 07y —
. —\o
4 AN > (min)

0 x1 X 0 y1 ¥ 0 z
Rule 2: TF xis 42 (0.2) AND wis B2 (0.7) THEN zis C2(0.2)
1

\ 0.5 03
0 x1 X
Rule 3: TF x 1s 41 (0.5) THEN z1s C3 (0.5)

Figure 4.9 Application of fuzzy operators (Micha2005)
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The third step i$ application of implication method"to deduct a consequence
from the antecedent(s). The result of fuzzy operstae-shaped using implication
method for each rule. The most popular method foplication is named as
“clipping”, wherein the consequent membership fiorctis cut at the level of the
antecedent truth (Figure 4.10a). Although duringpshg some of the information is
lost due the sliced membership function, this meths less complex and
computationally efficient. In order to prevent infwation loss in clipping, “scaling”
method offers the adjustment of the original mersbigr function of the rule
consequent by multiplying all membership degreeshey truth value of the rule
antecedent (Figure 4.10Db).

a. Clipping b. Scaling
Degree of Degree of
Membership Membership

1.0 1.0

0.2
A

0.0* " : 0.0

Figure 4.10 a) Clipping b) scaling of membershipctions (Michael, 2005)

The fourth step“aggregatiori is the process of combining the results of

implication of each rule to define the final deoisi(Figure 4.11).

11— 1 —— 1

\ !
L

/c3

/ kY
\ S o )
c1 / €2\ |05 ﬁ 05157
0.1 —\\ 0.2 -——f—\ 0.1 | Mat

0 Z 0 z 0 Z 0 z

7Is €1 (0.1) | zIs €2 (0.2) —>{ zIs 3 (0.5) | — E

Figure 4.11 Fuzzy aggregation (Michael, 2005)

The last stepdefuzzification”is the final step wherein the aggregated fuzzysset
used to find the crisp output (Figure 4.12). Cadtaf the area under the output set

is the commonly used defuzzification method. Otheathods use bisector of the
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area, and average, largest or smallest of maximahlevof the output set. The

complete process of Mamdani-type inference is shioviigure 4.13.

I j "
smallest of max. centroid of area
largest od max bisecter of area
mean of max.

Figure 4.12 Defuzzification (Michael, 2005)
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Figure 4.13 The complete process of Mamdani-tyferémce (Michael, 2005)
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4.4.5Sugeno-Type Fuzzy Inference

The necessity of finding the centroid of a two-dimeional area that is re-shaped
continuously by varying functions in defuzzificatiostep of Mamdani process
creates inefficiency in computation. To overcomis thefficiency, Sugeno process
uses a single spike as the membership functioheofule consequent. In this type of
inference, the output of each fuzzy rule is a camistThe complete process of

Sugeno-type inference is shown in Figure 4.14.

Crisp input Crisp Input
xl/,, — yl/,/'
\i \[ Fuzzification
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1 1 1.0
‘ Bloo | B 0.1 or 0.1
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1
1 0.7 1
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0 x1 X Q ¥i y L 0 k2 Z
Rule 2! IF xIs A2 (0.2) AND y Is B2 (0.7) THEN 7ls k2 (0.2)
1 1
0.5 0.5
Al f
0 x1 X 0 k3 Z
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Figure 4.14 The complete process of Sugeno-tyggente (Michael, 2005)
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The Mamdani method has a wide acceptance in captafi expert knowledge
because of its ability to describe the expertismate intuitive and more human-like
manner. The Sugeno method is more efficient in adatpn and preferred in
optimization and adaptive techniques like contngilisystems. In this dissertation,
the Mamdani method is used for knowledge capturmghangeover parameter

setting.
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CHAPTER FIVE
FUZZY INFERENCE SYSTEM FOR CHANGEOVER PARAMETER
SETTING

5.1 Systematic Elimination for Fuzzy Inference Applicaton

As explained in Chapter 2, there are many roosesiof an injection defect,
which can be assigned to five main groups: dessgnes, resin selection, machine
selection, maintenance and management of proceaseters. In Table 5.1, one
possible root cause for each category is exemglif@ nine types of injection
defects commonly observed when ABS (acrylonitrilkabliene styrene) type resin is

used.

Based on the root cause, the actions to be také.dn order to narrow the
content of the proposed fuzzy inference systems, aissumed that a structured mold
validation process is followed so that there isnmajor design issue, and resin and
machine selection is compatible with the intendeghuafiacturability and cost. It is
also assumed that required housekeeping is camuednd the periodic maintenance
of the machine, mold and equipment is properlyofgétd up. These assumptions are
also prerequisites for mass production. In defirting fuzzy rules, the experts are

asked to define the actions for the defects urteEset assumptions.

In the cases that there is more than one defeetexperts take one action at a
time to resolve the most critical defect. Therefdiee questionnaire contains the

cases of “one type of defect in a trial” and “twpes of defects in a trial”.

In order to systematically eliminate the possickses thus eliminating the
corresponding fuzzy rules, a table is preparedtbegevith the experts for the defect
couples that cannot be observed at the same tioreexample, if a short shot is
observed, it means the cavity of the mold cannofilled properly and it is not

possible to observe flash (squeezed melt) unlesee tis an exceptional issue.
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Therefore, the rules regarding “flash-short shaiuge can be removed from the

guestionnaire.

Table 5.1 Root causes of injection defects obseirvede of ABS type resin

Defect Short Desian Issue Resin Machine Maintenance / Parameter
Description 9 Selection Selection Housekeeping | Management
Short Incpmplete Sharp corners _ngh‘ Insufficient Non-retu_rn valve Low
Shot filling viscosity | shot volume leaking temperature
Flash Squee;ed Too qleep High flow Insuf_flment Unclean mold High pressure
plastic venting rate clamping force surface
Burn Overheated | Wrong gate | High flow Contamination in| High injection
Marks surface positioning rate Narrow giege venting holes speed
. Splash-like | Poor runner | High flow . . . High
Charring appearance design rate Narrow nozzlel Moisture in resin temperature
Ejector Depression | Small ejector y r Ejection system High
Marks marks pin surface malfunction backpressure
Jetting Wavy folds on Narrow gate High flow | Wrong screw Contamination in| High injection
surface rate selection gate speed
- 3 Low shot _ L
Weld Knitted melt Sharp corners _ngh_ volume Injection system Low injection
Lines streams viscosity ) malfunction speed
capacity
Sink Depression | Uneven part Low shot Back pressure Low back
- - volume .
Mark marks thickness - malfunction pressure
capacity
. Low inj. L
Matt Gloss Uneven part High . Low injection
Surface difference thickness | viscosity Era%zsclft? Unsteady cooling pressure

If the defect(s) cannot be resolved via paranmi@tertuning, that means the root
cause may be a design issue, or resin, machinetisaeleor maintenance issue. In
practice, in such cases, setup experts escalapgdhtem to shift supervisors and the
production plan is revised. Likewise, in the cates the proposals of the fuzzy
inference system are incapable of solving the prablmachine operators will
escalate the issue to setup experts to validate tha problem requires

troubleshooting rather than parameter setting.

5.2 Implementation of the Fuzzy Inference System in Chageovers

The proposed fuzzy inference system is implementea plant manufacturing

wiring device products (wall outlets and switché¥astic parts of these products are
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produced in plastic injection unit that has 20 dtjgn machines with 350 active
molds. There are two main product classes for iigeg cosmetic parts and inner
body plastics. Cosmetic parts constitute around #0%e total injection workload

(Figure 5.1a) and 80% of the total raw materialstonption (Figure 5.1b). There are
seven types of raw materials, and ABS is the orté tiie highest ratio of usage
(60%, Figure 5.1c). 55% of the total number of nsailld the mold shop is used for
ABS cosmetic parts (Figure 5.1d). From these figuiadl cosmetic parts made of
ABS, regardless of their geometry” is chosen assttape of the study. The project
team has three setup experts, production managetugtion supervisor, mold shop

supervisor and two machine operators.

a. Ratio per Inj-Hour b. Ratio per Tonnage c. Raw Material Usage

m COSMETIC m INMER BODY W COSMETIC m INMER BODY
13% ‘ mABS
PC/ASA

16% A PC/ABS
W OTHERS

d. Percent distribution of mold numbers per class

g, 2%

60,00%
50,00%
40,00%
30,00%
20,00%

10,00% }
g aammm F 2% & 2% JF 2% 1% & 1%

0,00%

ABS PC/ASA PC/ABS PAB PC FET | ABS PC PAGE  PAG PET PC/ASA PC,-’AE\S|

COSMETIC | INMER BODY |

Figure 5.1 General information for scope definitggrRatio per injection-houbp) Ratio per tonnage)

Raw material usagd) Percent distribution of mold numbers per class

Nine types of defects (the same as in the prewseasion), which are encountered
in manufacturing of ABS-made cosmetic parts, apored to be resolved by five
process parameters during a changeover. The sesasftthe defects are defined in
four levels as “ignorable, slight, medium and sesiowith an interval of [0, 10]. A
rectangular membership function is used for “ightea level and a triangular
membership function is used for the remaining sgvésvels. Membership function

parameters for inputs (severity of defects) aremiv Table 5.2.
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Table 5.2 Fuzzy membership function parametersiéfect severity

Defect Severity Ignore Slight Medium Serious
Flash [000.50.5] [05053.8 [353510] [36G10]
Short Shot [00050.5] [05055 [159] [510)
Burn Mark [000.50.5] [0.50.55] [159] [5 101
Charring Streaks| [000.50.%5] [0.50.55] [159] [51010]
Ejector Mark [000.50.5] [0.50.55] [159] [®10]
Jetting [000.50.5] [0.50.55] [159] [5 10 10]
Weld Lines [000.50.5] [0.50.55] [159] [5 10]
Sink Mark [000.50.5] [0.50.55] [159] [510]1
Matt Surface [00050.5] [05055 [159] [6 10]

The tuning amount of process parameters are dkfimeix levels as “negative
small, negative medium, negative high, positive Ismpasitive medium and positive
high” with an interval of [-15, 15] unit for injeicin pressure and [-10, 10] unit for
remaining parameters. A triangular membership fonas used also for defining the
tuning amount. Membership parameters of output®cgss parameter tuning

amount) are given in Table 5.3.

Table 5.3 Fuzzy membership function parameterpifocess parameters

Parameter Tuning Level| Neg High | Neg Medium| Neg Small| Pos Small| Pos Medium| Pos High
Nozzle Temp. (°C) [-10-10-5]  [-7-5-3] [-(500] [005] [357] [5 10 10]
Mold Temp. (°C) [10-10-5] [[7-5-3] [(500] [05] [357] [51010]

Inj. Speed (mm/sec) [-10 -10 -§] [-7 -5 -3] [[(5PQ [005] [357] [5 10 10]
Hold Press. (bar) [-10 -10 -5 [-7 -5 -3] [(500] [005] [357] [5 10 10]
Inj. Press. (bar) [-15-15-7.5] [(11-9-4] | [-7.500]| [007.5] [4911] | [7.515]

Mamdani type FIS is preferred in this study du@sovidespread acceptance and
the ability to be used for nonlinear output funotioln order to decrease the number
of rules without losing the domain knowledge, thblé of possible defect couples
(PC) and counter defect couples (CD) is createdl tie experts (Table 5.4). The
rules regarding the couples that cannot be obseavdde same time are removed
from the case list. The counter defects keep tlwsibe maker inside the feasible

parameter space. The reason is that, FIS doesanet deneralization capability by
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itself. Therefore, all of the combinations at diéfet severity levels for single and

remaining double defects are added into the fuzdg set. Thus, the inference

system encircles the search space with 180 fudeg given in Table 5.5 to keep the

machine operator on track during changeover paemsetting. The “and” operator

is used to build the rules regarding defect coy@es, if flash “and” burn then. The

“min” method for implication and “max” method forggregation is chosen by

default for the Mamdani type. For defuzzificatidghe widely accepted “centroid”

method is used.

Table 5.4 Properties of defect couples (CD: Coubtfects, PC: Possible Couple)

Properties of Flash Short | Burn | Char. | Ejector Jetting Weld Sink Matt
Defect Couples Shot | Mark | Streaks Mark Line | Mark |Surface
PC PC PC CD PC
Short Shot CD CD PC
Burn Mark 2C 2C PC CD CD CD CD
Charring Streak] PC CD PC
Ejector Mark PC CD [PC
Jetting PC CD
Weld Line CD
Sink Mark CD CD
Matt Surface PC CD
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Table 5.5 Fuzzy rules for parameter setting of AB&le injection products

No

Rule

Rule

If Flash is Slight then InjSpeed is NegSt
If Flash is Medium then InjPress is NegSmall
If Flash is Serious then InjPress is NegMed
If ShortShot is Slight then InjPress is PosSmall
If ShortShot is Medium then InjPress is PosMed
If ShortShot is Serious then InjPress is Pos
If Burn is Slight then NozzleTemp is NegSmall
If Burn is Medium then NozzleTemp is NegMed
If Burn is Serious then NozzleTemp is NegHigh
If Charring is Slight then InjSpeed is NegSmall
If Charring is Medium then InjSpeed is NegMed
If Charring is Serious then InjSpeed is NegHigh
If Ejector is Slight then InjPress is NegSmall
If Ejector is Medium then InjPress is NegMed
If Ejector is Serious then InjPress is NegHigh
If Jetting is Slight then NozzleTemp is PosSmall
If Jetting is Medium then NozzleTemp is PosMed
If Jetting is Serious then NozzleTemp is Posl
If WeldLine is Slight then MoldTemp is PosSmall
If WeldLine is Medium then MoldTemp is PosMed
If WeldLine is Serious then MoldTemp is PosHigh
If Sink is then BackPress is PosSmall
If Sink is BackPress is PosMed
If Sink is Seriousthen BackPress is PosH
If MattSurf is Slight then MoldTemp is PosSmall
If MattSurf is Medium then MoldTemp is PosMed
If MattSurf is Serious then MoldTemp is PosHigh
If Flash is Slight and Burn is Slight then NozzleTeis NegSmall
If Flash is Slight and Burn is Medium then NozzleTeis1NegMed
If Flash is Slight and Burn is Serious then Nozeleip is NegHigh
If Flash is Medium and Burn is Slight then InjPresslegSmall
If Flash is Medium and Burn is Medium then InjPresklegSmall
If Flash is Medium and Burn is Serious then InjBriesNegSmall
If Flash is Serious and Burn is Slight then InjBrissNegMed
If Flash is Serious and Burn is Medium then InjBrissNeggMec
If Flash is Serious and Burn is Serious then IrgRie NegMed

109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
12¢
126

If Charring is Slight and Ejector is Slight therjSpeed is NegSmi
If Charring is Slight and Ejector is Medium thejSpeed is NegSmall
If Charring is Slight and Ejector is Serious thejSpeed is NegSmall
If Charring is Medium and Ejector is Slight thefjSpeed is NegMed
If Charring is Medium and Ejector is Medium thejSpeed is NegMed
If Charring is Medium and Ejector is Serious thejSpeed is NegMe
If Charring is Serious and Ejector is Slight thajSpeed is NegHigh
If Charring is Serious and Ejector is Medium thejspeed is NegHigh
If Charring is Serious and Ejector is Serious thg8peed is NegHigh
If Charring is Slight and Sink is Slight then Inga is NegSmall
If Charring is Slight and Sink is Medium then Ingg&al is NegSmall
If Charring is Slight and Sink is Serious then g8d is NegSmall
If Charring is Medium and Sink is Slight then Ingg&ul is NegMed
If Charring is Medium and Sink is Medium then Ing&dl is NegMed
If Charring is Medium and Sink is Serious then pg8d is NegMed
If Charring is Serious and Sink is Slight then [mg8d is NegHigh
If Charring is Serious and Sink is Medium then pg8d is NegHigh
If Charring is Serious and Sink is Serious theSprged is NegHic
If Charring is Slight and MattSurf is Slight them$peed is NegSmall
If Charring is Slight and MattSurf is Medium ther)Speed is NegSmall
If Charring is Slight and MattSurf is Serious tHajBpeed is NegSmall
If Charring is Medium and MattSurf is Slight thenSpeed is NegMed
If Charring is Medium and MattSurf is Medium thenSpeed is NegMed
If Charring is Medium and MattSurf is Serious thejSpeed is NegMe
If Charring is Serious and MattSurf is Slight tHejBpeed is NegHigh
If Charring is Serious and MattSurf is Medium thejspeed is NegHigh
If Charring is Serious and MattSurf is Serious thgSpeed is NegHigh
If Ejector is Slight and MattSurf is Slight therjPmess is NegSmall
If Ejector is Slight and MattSurf is Medium thenRress is NegSmall
If Ejector is Slight and MattSurf is Serious thajPiress is NegSmall
If Ejector is Medium and MattSurf is Slight thenjRress is NegMed
If Ejector is Medium and MattSurf is Medium therRress is NegMed
If Ejector is Medium and MattSurf is Serious thejPress is NegMed
If Ejector is Serious and MattSurf is Slight thejPress is NegHigh
If Ejector is Serious and MattSurf is Medium thejPiress is NegHic
If Ejector is Serious and MattSurf is Serious thgRress is NegHigh
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Table 5.5 continues

No

Rule

No

Rule

37
38
39
4ac
41
42
43
44
45
4€
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64

If Flash is Slight and Charring is Slight then Ipggd is NegSmall
If Flash is Slight and Charring is Medium then lpggd is NegMed
If Flash is Slight and Charring is Serious therspged is NegHigh
If Flash is Medium and Charring is Slight then Irg&s is NegSm:

If Flash is Medium and Charring is Medium then he§s is NegSmall
If Flash is Medium and Charring is Serious the®isps is NegMed
If Flash is Serious and Charring is Slight therPheiss is NegMed
If Flash is Serious and Charring is Medium the®iBps is NegMed
If Flash is Serious and Charring is Serious th¢ress is NegMed

If Flash is Slight and Ejector is Slight then IrgBs is NegSme
If Flash is Slight and Ejector is Medium then IrgBs is NegSmall
If Flash is Slight and Ejector is Serious then iBg3 is NegMed
If Flash is Medium and Ejector is Slight then IrgBs is NegSmall
If Flash is Medium and Ejector is Medium then g8 is NegSmall
If Flash is Medium and Ejector is Serious then a3 is NegHigh
If Flash is Serious and Ejector is Slight then ieg3 is NegMe
If Flash is Serious and Ejector is Medium then tef3 is NegMed
If Flash is Serious and Ejector is Serious theRregs is NegHigh
If Flash is Slight and MattSurf is Slight then Ing8s is NegSmall
If Flash is Slight and MattSurf is Medium then IrgBs is NegSmall
If Flash is Slight and MattSurf is Serious therPigss is NegSmi
If Flash is Medium and MattSurf is Slight then IrgBs is NegSmall
If Flash is Medium and MattSurf is Medium then IrgBs is NegSmall
If Flash is Medium and MattSurf is Serious therPhgiss is NegSmall
If Flash is Serious and MattSurf is Slight therPigss is NegMed
If Flash is Serious and MattSurf is Medium therPhgjss is NegMed
If Flash is Serious and MattSurf is Serious thgRress is NegMe
If ShortShot is Slight and Jetting is Slight thejPress is PosSmall
If ShortShot is Slight and Jetting is Medium thejPress is PosSmall
If ShortShot is Slight and Jetting is Serious thgRress is PosSmall
If ShortShot is Medium and Jetting is Slight thejPress is PosMed
If ShortShot is Medium and Jetting is Medium thejPtess is PosMed
If ShortShot is Medium and Jetting is Serious thmgAress is PosMe
If ShortShot is Serious and Jetting is Slight thgRress is PosHigh
If ShortShot is Serious and Jetting is Medium thgRress is PosHigh
If ShortShot is Serious and Jetting is Serious thi#ress is PosHigh
If Burn is Slight and Charring is Slight then NogZeémp is NegSmall
If Burn is Slight and Charring is Medium then NoZizenp is NegSmall

127
128
129
13C
131

163

164

If Jetting is Slight and WeldLine is Slight then Mdemp is PosSmall
If Jetting is Slight and WeldLine is Medium then Igt&Temp is PosSmall
If Jetting is Slight and WeldLine is Serious theozikleTemp is PosMed
If Jetting is Medium and Weldne is Slight then NozzleTemp is Pos}

If Jetting is Medium and WeldLine is Medium thenZ¢teTemp is PosMed
If Jetting is Medium and WeldLine is Serious themzkleTemp is PosMed
If Jetting is Serious and WeldLine is Slight therz&kleTemp is PosHigh
If Jetting is Serious and WeldLine is Medium therzkleTemp is PosHigh
If Jetting is Serious and WeldLine is Serious thezzleTemp is PosHigh

If Jetting is Slight and Sink is Slight then Nozzégmp is PosSme
If Jetting is Slight and Sink is Medium then NozzeTp is PosSmall
If Jetting is Slight and Sink is Serious then NoZzp is PosSmall
If Jetting is Medium and Sink is Slight then NoZzenp is PosMed
If Jetting is Medium and Sink is Medium then NoZaenp is PosMed
If Jetting is Medium and Sink is Serious then NoZelap is PosMed
If Jetting is Serious and Sink is Slight then NoZelep is PosHig
If Jetting is Serious and Sink is Medium then NeZAmp is PosHigh
If Jetting is Serious and Sink is Serious then Nezemp is PosHigh
If Jetting is Slight and MattSurf is Slight then N&Temp is PosSmall
If Jetting is Slight and MattSurf is Medium then [d&Temp is PosSmall
If Jetting is Slight and MattSurf is Serious therzkleTemp is PosSm
If Jetting is Medium and MattSurf is Slight then M&Temp is PosMed
If Jetting is Medium and MattSurf is Medium thenZgteTemp is PosMed
If Jetting is Medium and MattSurf is Serious therzkleTemp is PosMed
If Jetting is Serious and MattSurf is Slight therzkleTemp is PosHigh
If Jetting is Serious and MattSurf is Medium therzkleTemp is PosHigh
If Jetting is ‘erious and MattSurf is Serious then NozzleTempoisHegt
If WeldLine is Slight and Sink is Slight then Moldip is PosSmall
If WeldLine is Slight and Sink is Medium then Moleifp is PosSmall
If WeldLine is Slight and Sink is Serious then Mbé&np is PosSmall
If WeldLine is Medium and Sink is Slight then Moleihp is PosMed
If WeldLine is Medium and Sink is Medium then Mokifip is PosMed
If WeldLine is Medium and Sink is Serious then Mbésinp is PosMe
If WeldLine is Serious and Sink is Slight then Mb&np is PosHigh
If WeldLine is Serious and Sink is Medium then Mbésinp is PosHigh
If WeldLine is Serious and Sink is Serious then #@mp is PosHigh
If WeldLine is Slight and MattSurf is Slight thendidiTemp is PosSmall
If WeldLine is Slight and MattSurf is Medium therolTemp is PosSmall
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Table 5.5 continues

No Rule No Rule

75 If Burn is Slight and Charring is Serious then NeZamp is NegSmall 165 If WeldLine is Slight and MattSurf is Serious thdoldTemp is PosSmall
76 If Burn is Medium and Charring is Slight then NoZzenp is NegMed 166 If WeldLine is Medium and MattSurf is Slight thenoMTemp is PosMed
77 If Burn is Medium and Charring is Medium then NeZkzémp is NegMed 167 If WeldLine is Medium and MattSurf is Medium theroMTemp is PosMed
78 If Burn is Medium and Charring is Serious then NeZemp is NegMe 16¢€ If WeldLine is Medium and MattSurf is Serious thdoldTemp is PosMe
79 If Burn is Serious and Charring is Slight then NeZamp is NegHigh 169 If WeldLine is Serious and MattSurf is Slight thigloldTemp is PosHigh
80 If Burn is Serious and Charring is Medium then NeZamp is NegHigh 170 If WeldLine is Serious and MattSurf is Medium tHdoldTemp is PosHigh
81 If Burn is Serious and Charring is Serious then N®zemp is NegHigh 171 If WeldLine is Serious and MattSurf is Serious tioldTemp is PosHigh
82 If Burn is Slight and Ejector is Slight then Nozzésiip is NegSmall 172 If Sink is Slight and MattSurf is Slight then BackBs is PosSmall

83 If Burn is Slight and Ejector is Medium then Nozzéefip is NegSmall 173 If Sink is Slight and MattSurf is Medium then BackBs is PosSmall
84 If Burn is Slight and Ejector is Serious then NoZamp is NegSme 174 If Sink is Slight and MattSurf is Serious then BackPress is Pai

85 If Burn is Medium and Ejector is Slight then NoZizéenp is NegMed 175 If Sink is Medium and MattSurf is Slight then BackBs is PosMed

86 If Burn is Medium and Ejector is Medium then Nozzep is NegMed 176 If Sink is Medium and MattSurf is Medium then Bac&ss is PosMed
87 If Burn is Medium and Ejector is Serious then NoZelep is NegMed 177 If Sink is Medium and MattSurf is Serious then Badss is PosMed
88 If Burn is Serious and Ejector is Slight then NoZ#mp is NegHigh 178 If Sink is Serious and MattSurf is Slight then BRoéss is PosHigh

89 If Burn is Serious and Ejector is Medium then NoZelep is NegHigh 179 If Sink is Serious and MattSurf is Medium then BRoéss is PosHigh
9C If Burn is Serious and Ejector is Serious then Nezemp is NegHig 18C If Sink is Serious and MattSurf is Serious thenlgaess is PosHic




For the fuzzy inference application, “qtFuzzylL#&€)’ software is used. This

software can be easily installed and used in resdyction plants. In Figure 5.2, the

case of facing “short shot and jetting at the samextion trial” is simulated in this

software. Rule number 67, 68, 70 and 71 are fined the system proposes to

increase injection pressure by approximately 1%.bar

Iﬂ InjPress
-15.000

¥

10.899

] shortshot ] Jetting
0.000 3,000 e 10,000 0.000 4,000 - 10,000
L) : &
(]
Rules ‘ ‘ Degree
67: if ShortShot is Medium and Jetting is Slight then InjPress is PosHed || B.222 -
68: if ShortShot is Medium and Jetting is Hedium then InjPress is PosHed 8.258
69: if ShortShot is Medium and Jetting is Serious then InjPress is PosHed d.888
78: if ShortShot is Serious and Jetting is Slight then InjPress is PosHigh 8.222
71: if ShortShot is Serious and Jetting is Hedium then InjPress is PosHigh 8.688
72: if ShortShot is Serious and Jetting is Serious then InjPress is PosHigh - || @.888

15.000

Figure 5.2 Double defect simulation in gtfuzzylite

Before using the FIS in real molding trials, andiss test is applied. In FIS, each

fuzzy rule represents a possible case. For eatltedf80 cases, the amount of tuning

defined by the expert and the amount of tuning adet by the proposed fuzzy

inference system are depicted in Figure 5.3 andpeoed using Pearson’'s R (see
Table 5.6). The results confirm that the desiredsfachieved.
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Table 5.6 Fitness statistics between the respafsegert and FIS

Corr. (Expert vs.
Fuzzy)

A (Nozzle Temp. °C) 0.9948 98.97%
A (Mold Temp. °C) 0.9932 | 98.65%
A (Inj. Speed mm/se¢) 0.9871 | 97.43%
A (Hold Press. bal 0.992t | 98.51%
A (Inj. Press. bar 0.9907 | 98.15%

Pearson's | R?

5.3 Results of Real Molding Trials Using FIS

The fuzzy inference system is tested on ABS-madetspwith different
geometries. Trials are carried out after recalling initial parameter settings from
the database for each part. The results showhbkgtroposed system can mimic the
experts successfully. The results and actionsifer different changeover sessions

are given in Table 5.7.

Table 5.7 Implementation of FIS in five changeof@&O) sessions

. Severity of Severity of
CN/OO Tli:il E efgc; Defect 1 E efgczt Defect2 | Proposal of FIS Result
yp (0-10) yp (0-10)
Increase molc .
1 Weld 5 - - temperature by 5 Slight Burn
Line °C Mark
L Burn Decrease nozzle
2 2 - - temperature by 3 OK
Mark °C
. Increase holt
2 1 il 3 - - ressure by 3.5 OK
Mark P Y.
bar
. Decrease nozzle .
Burn Charring Slight
1 Mark 6 Streaks 2 tempe[%ture by 8 Weld Line
3
Increase molc
2 VL\(eId 1 - - temperature by 1. OK
ine °C
Increase nozzle
4 1 Jetting 4 - - temperature by 4 OK
°C
1 Short 6 ) i Increase injection Slight Sink
Shot pressure by 9 bar  Mark
S Sink Increase hold
2 Mark 2 - - pressg;? by 2.5 OK
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In the last changeover session, a short shotgsreed at the end of the first trial.
Severity of the short shot is graded 6 over 10taedgrading is entered into the FIS.
The proposal of FIS is to increase the injectiogspure by 9 bars in order to fill the
cavity. After the implementation of the proposaklght sink mark is observed on
the part graded by 2 over 10. For resolution ajrglisink mark, FIS proposes to

increase hold pressure by 2.5 bars and the defsetgroduct is reached. Product

visuals for each step of this session are givdrigare 5.4.

Figure 5.4 Visuals of the results of FIS stepslierfifth changeover session (Personal archive7p01

Real molding trials reveal that the proposed furdgrence system can generate

correct solutions with several trials as experts do

In this chapter, a fuzzy inference system is @ppbbuccessfully to capture the
domain expertise in changeover parameter settmthd production plants, there is a
strong need for such kind of application since éhliead been no study specific to
changeover parameter setting that generates aiosolfdr all possible injection
defects. In the next chapter, the same problesoiged using multi-layer neural
networks (MLNN) to make comparison between FIS aMdNN in terms of

performance and applicability.
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CHAPTER SIX
ARTIFICIAL NEURAL NETWORKS FOR CHANGEOVER PARAMETER
SETTING

6.1 Overview of Artificial Neural Networks

Artificial neural networks are composed of simpleocessing elements called
“neurons” that operate in parallel and communicaith each other. The main
advantage of neural networks is the ability to tiigeunknown information hidden in
the data. Although there are many types of newtdlorks, the basic principles are
similar (Svozil, Kvasnicka, Pospichal, 1997). Ba#lig the learning process in
neural networks relies on adjustment of input wiesdghased on the comparison of

calculated outputs and targeted outputs (Figurke 6.1

Targe

Input Neural Networks Output
——» (Neurons connected w
by weights)

T

Adjustments of weights

Figure 6.1 The basic learning process in neuraloms

6.1.1Single Layer Neural Networks (SLNN)

In a single layer neural network as is Figure 6rhuts @i, &,..., a) are
multiplied by their own associated weightg,(\, ...,ws) and these weighted values
are summed to form a pre-activation functian The biaslf) with input value +1 is
added to the pre-activation function. A non-linaativation functiong(z) is used to

transform the pre-activation value to an outputiggou).
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Figure 6.2 Single layer neural network (Thecleverhiae, 2007)

The activation function is used to limit the outmignal to a finite value. The
widely used three activation functions are giverfFigure 6.3. The key property of

the activation functions is that they are all srhaatd differentiable.

LINEAR g(2) =z / >
L f
LOGISTIC o) = .
+e
(SIGMOID) ‘
HYPERBOLIC PR I/- .
9(z2)=—F—= g
TANGENT e* te

Figure 6.3 Main activation functions

6.1.2Multi-Layer Neural Networks (MLNN)

Multi-layer neural networks are formed by addimgpte layer networks between
inputs and output. These intermediary single lagersstitute the “hidden layer”. The
reason of calling intermediary layers as hiddebesause of the fact that the inputs

and outputs are not processed directly by thisrldpeFigure 6.4, a two-layer neural
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network is depicted. Although bias inputs are uiseMLNN, for simplicity of the

representation, biases are not shown in the figure.

o= b Zig by Ty

- J ,
a j

Figure 6.4 Multi-layer neural networks (Thecleveomae, 2007)

The notation in Figure 6.4 is as follows

a: ith input

wij: weight betweeiith input andth neuron in the hidden layer

bj: bias for thgth neuron in the hidden layer

z: summation function gth neuron in the hidden layer

g;: activation function ofth neuron in the hidden layer

a: output of thgth neuron in the hidden layer and input to the out@uron
wik: weight betweelth neuron in the hidden layer and output neuron
bx: bias for the output neuron

Z¢ summation function of the output neuron

gk activation function of the output neuron

a«. output value of the net

t«: target value of the net

The output of the two-layer neural network is comea with the same logic as in
single-layer. As the additional step, the outputenfeach neuron in the hidden layer
is multiplied by their associated weights and sumhrte form the pre-activation
function of the output neurafz(k)). Again via using the activation functigg(k)),

the output value is computed. For non-linear resjoes problems, non-linear
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activation function in the hidden layer and lingativation function in the output
layer is preferred.

6.1.3Training Neural Networks

The performance of a neural network is measuregdan the error statistics.
The most popular error functions (also referredoas functions or cost functions)
use squared difference between the target outgltrencalculated output. The aim
of training the network is to adjust the weights ninimize the error function.
Different values of weights in each layer resultam error value which eventually
forms a surface in parameter space. Formulatio8SE (sum of square error) is
given in Equation 6.1.

1
E= 5 (output — target)? (6.1)

The output value is calculated as in Equationtfy.2 single layer network with
logistic sigmoid activation function.

Qout = YGlogistic (agwy) (6.2)

If the range for weightsng) is set as [-10, 10] to train this network for rtiéy
function for value 1 (the input value is 1 and ectpd output is 1), the results of

error for each weight forms a 2D error graph (Figure.6.5

error?

Wy

-:109 8-76-54-3-2-101234526 7 8 910

Figure 6.5 Errcrgraph for single-layer neural network
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If the same training is applied to two-layer netkyahen the output would be

calculated as in Equation 6.3.

Qout = Yiogistic (glogistic (agw1)wy) (6.3)

Again by setting the range of weights as [-10, @] both first layer and the

second layer, errdwould form a 3D non-linear surface as in Figui@ 6.

Figure 6.6 Errargraph for two-layer neural network (Theclevermaehi2007)

As the number of layers increase, the error sarfgets more complex. The
weight set that minimizes the network error funetis computed using the gradient
descent algorithms. This algorithm iteratively cédtes the derivative of the error
function with respect to each of the model paramsete define the direction in
parameter space that decreases the height ofrthreserface until no better solution

is reached.
6.1.4Backpropagation
Backpropagation is the process of determining degree of impact of each

network parameters (weights) on mis-prediction @ butput value and adjusting

them based on their impacts to minimize the netveorér.
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As the result of backpropagation, previous valoegeights in the second layer

and in the first layer are modified as in Equatiof and Equation 6.5, respectively:

0
Wi () = wi(t—1) — 17 (avfk) (6.4)
j
0
w;ii(t) =wi(t—1) —n <%> (6.5)
ij

wheren is the learning rate artds the iteration (epoch) number.

6.1.4.1Gradients for Weights of Neurons and Biases in GQuitpyers

The amount of weight correctioﬁ%) is calculated using gradient of error
jk

corresponding to each weight with the steps agjimEon 6.6.

0F

1 d 6.6)
A, — )2 = (a — ti) — (@ — (6.
= F D = 0 = (0= ) 5o (= )

Here,t, is a target output value, hence its derivativeer®anda;, = g(z).

0E —( £)
aij_ W k aW]k

0
9r(z) = (ar — t,) g1 (2i) Fom Zy (6.7)
j

zi = by + X 9;(z;)wji. Thus, its partial derivative %%j}—’fk = g;(z) = ;. Then,

0E

aij

= (ax — ti) gr(zi)a; (6.8)

Thus, the adjustment amount of a weight is thetiplidation of (a;, — t;) g (zx)
and the output value of the preceding layey).(Here, (ay — tx)gy(z,) is also
named as the “error signal” and shown&g9.(In the same manner, the correction of

output layer bias is computed as in Equation 6.9.
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5)

T = (@~ 80001 = 6, 69

6.1.4.2Gradients for Weights of Neurons and Biases in Eliddayers

The amount of weight correctlo(»a—> is calculated using gradient of error
Wij

corresponding to each weight with the steps as sHiiow.

d
— )2 = Z ax —ty)=—a 6.10
aw” ) @-tF =y (@-tr—a (610

7]

Sinceay = g, (z;), the following holds.

0E Z (
= a
ow; j kek k

In order to compute the partial derivativezpffor w;;;

W=Y (-t (6.11)

u

Zr = bk + Z aJW]k _bk + Z gj(Z])ij bk

(6.12)
Z g;(b; +Z.Ziwij)wjk
l
Therefore,
0z 0z, da; 0 da; _ 0a;  0g;(z)  (6.13)
T S A SR QWi = Wik ik
aWU aaj aWU aaj aWU aWU aWU
) 3 = w8 () g o+ ), i) = wieg(s)es (6.14)
= wWirgilz; =wigilz a;w;i) = Wi, gi(zi)a .
]kJJaW] kI j\%j ij Jk Ij\“j )%

By replacingf% in Equation 6.14;
ij
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oE , ,
G = D (@~ k@) wieg (5)a (6.15)

aWij
= 9j(z)a EREK(ak — ti) gk (21) W (6.16)

Thus, the adjustment amount of the weights in tidkeldn layer is computed as in
Equation 6.17.

0FE
— = a;9j(z) Z S Wi (6.17)
aWij keK

If the error signal of the hidden layer is showndasg;(z;) Ykex Skwjk, then the

final representation of adjustment amount can metdel as follows.

o0E

— =6.a )
;= 00 (6.18)

The bias of the hidden layer is given in Equatict®6

0F
55 = 9(2) ZkEKakwjk =, (6.19)

The complete feed-forward back-propagate procesisag/n in Figure 6.7.
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ay = gub, + zﬂa{bJ + fﬂarwﬂ,}wﬁ-‘}

=

a;
2. BackProp. of Output Errors

W i -
Wy "7\11}1
O )=t

0 = g (zE(apt;)
fjf' = g_f ‘{.EJ:}E}‘E}L&.H}&

3. Gradient Calculation

Wy
) \\~\ v5Y  Y—Ela, )
o

OE/dw, = ad,

fn:[‘:."li"-"'li‘“-‘ = :.'Irf_{
4. Update of Weights and Biaseg
wy = wy - H(CE/C wy)

Wi = wy - N(CE/Owy,)
for learning rate 7

Figure 6.7 Feed forward back propagate mechanisrac{@vermachine, 2007)
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6.1.5Training Algorithms

There are many variations of the training algonishin neural networks, which
can be grouped under three main classes. In tbitoseonly brief explanation is

presented for the mostly used ones.

The first one (traingd), “gradient descent aldoris”, as described in the previous
section, update weights and biases in the direatiothe negative gradient of the
performance function. In gradient descent algorghtaarning rate defines the step
size for learning. If the step size is set too hidpen the search function will jump
from one point to another and fail to reach a sotutlf the step size is set too small,
then the computation time will increase. In the ified version of this technique
(traingdm), a momentum factor is used to incorpordte result of the previous
change in order to prevent the network from gettiigck in to a shallow local

minimum.

The second type of the training algorithms is jogate gradient algorithms”.
These algorithms provide faster convergence thahergradient descent algorithms
by performing the search along the conjugate domest In the scaled conjugate
version (trainscg), the step size scaling mechaissnsed instead of line search that

provides faster convergence with more iterationclwhiequires less computation.

The third type is “quasi-Newton algorithms”, whiclutperforms previous two
types in terms of both quality and speed of theitsmt (Sharma & Venugopalan,
2014). The basic Newton algorithms use secondgbat@rivatives (Hessian matrix)
at the current values of weights and biases. Howesiace the computation of
Hessian matrix takes time for MLNN, some other athms were developed using
the approximate of Hessian matrix. One of the mpspular quasi-Newton
algorithms, Levenberg-Marquardt (trainlm), uses essian approximation given in
Equation 6.20.

H~]"]+ul (6.20)
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whereJ is the Jacobian matrix (first partial derivativesis the identity matrix ang
is the combination coefficient and always positivetrainim the weights are updated

as in Equation 6.21.

Wiesr = W — Uik + 1D 7 ek (6.21)

Here, if u is zero, then the equation represents the Newtoethod, and whemn
is large, the equation becomes gradient descert witsmall step size. Since
Newton’s method is faster and more accurate ndaca minimum,u is decreased
after each successful step to reach the minimumt mpiickly. Only if a tentative
step increases the performance function, theis increased so the performance

function is always reduced iteratively.

Bayesian regularization (trainbr) is another giNesivton method which has high

generalization capability. In trainbr the loss ftiog is defined as in Equation 6.22.

where Epis the sum of squares of network error dfygdis the sum of all network
weights. Fora « Bthe network minimizes the loss function withoutlle&rying to
keep the weights low. Far > £ the network minimize the weights and allows some
more error. Thus a large prevents the network from overfitting and providester
generalization at the cost of larger training erfidre optimization in trainbr finds the

optimum set forr andp that provides high generalization with still smeaitor.

6.2 Implementation of MLNN for Parameter Setting in Changeovers

The same problem in the previous chapter is solweidg MLNN to make
comparison between the two soft computing techrsidngerms of performance and
applicability to production floor. The input-outpptirs prepared for performance
measurement of fuzzy inference system is used ramirtg data set for the neural
network. Additional 61 cases and corresponding expesponses are added for

testing and validation purpose. The NN tool of MatR2013a is used.
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The input data is normalized using, the min-maxcfion. The network has one
hidden layer that uses logsig function for actimatiThe linear activation function is
used for outputs. In the trial runs, trainlm arartbr algorithms are used. The best
result is achieved with a network structure of 951asing trainbr (Figure 6.8). The
oscillation of the neural network responses aroeeid line is filtered by adding a

control formula into the background of the useeifdce.

Neural Network

T ael) (Eoll}-3

Algorithms

Data Division: Random (dividerand)

Training: Bayesian Regulation (trainbr)

Performance: Mean Squared Error  (mse)

Derivative: Default (defaultderiv)

Progress

Epoch: o [ dETiterations T | 500
Time: 0:00:22

Performance: 8§22 _ 0.00
Gradient: 167 [ 0000510 T | 1.00e-06
Mu: 1.00e-06 1.00e+10 | 1.00e+10
Effective # Param: 170 E 161 0.00
Sum Squared Param: 228 |— 102e+04 0.00

Figure 6.8 Network structure and training statsstic

Best Training Performance is 0.13828 at epoch 481
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Figure 6.9 Best training performance
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No overfitting is observed in the training perfamnce graph (Figure 6.9). The
error histogram shows that the network errors aceimulated around zero in a very
narrow range (Figure 6.10). High R value (relattopsbetween output and target
values) for both training and test results provieat tthe network has a good
generalization (Figure 6.11). Pearson’s R aAdtatistics for each output are given
in Table 6.1, which are quite satisfactory.

Table 6.1 Fitness statistics between the respafsegert and neural network

PEARSON'S R R?
OUTPUT EXPERT vs MENN | EXPERT vs MENN
A (Nozzle Temp. °C 0.9967 99.35%
A (Mold Temp. °C) 0.9617 92.48%
A (Inj. Speed mm/sec) 0.9667 93.45%
A (Hold Press. bar) 0.9975 99.49%
A (Inj. Press. bar) 0.9912 98.26%

There are several cases that MLNN generated atteensolutions. In case 127
and 196 when the part has very slight jetting arttiiine with severity 1 and 2 over
10 correspondingly, the expert response is to asgdhe mold temperature by 2 °C
but MLNN responses are to increase the nozzle teahpe by 1 °C and 2 °C
correspondingly. Similarly, in case 216, the flagth severity 3 over 10 is resolved
by the experts by decreasing the injection spe€8l toyn/sec, while MLNN suggests
decreasing the injection pressure by 2 bars. Tipegposals are accepted by the

experts as an alternative solution that may recanradditional adjustment.

Table 6.2 Weights and biases in the hidden layer

net,iw{1,1} | input 1 | input 2 | input 3 | input 4 | input 5 | input 6 | input 7 | input 8 | input 9 | net,b{1}
neuron 1 -493 | 7.62| -0.27] 0.39 0.04 -192 -0.09 -0.01 -0{133.09
neuron : 0.00 | 053 | 008 | 011 | 005 | 1434 | -3.2€ | -0.80 | 0.05 14.34
neuron3 |-19.05| 1.13| -4.84 -99§ 2.58 1.18 1.13 1.13 -4/751.13
neuron 4 1.10 1.70 434| 1120 -020 14312 -319 -0[/5 0J04 153
neuron 5 1230| 1.45| -7.65 -1.61 0.57 -0.22  0.23 0.24 013 765.
neuron 6 3.36 260 | 20.54] -2.42 0.27 -0.90 0.2 0.08 007 2&6|
neuron 7 478 | -0.32| 166| -017 0.01 -1090 -745 143 0.0713.04
neuron 8 1.65 0.00 6.75| 12.19 -08p -0.09 -0.10 -0.p7 0J29.72
neuron 9 469 | -321| 170f -013 -0.01 -500 -0.61 -0.y2 0.12-532
neuron10 | -9.22 | -2.13| -4.06] -5.72 -12.39 -10.y1 -2.60 -7.96 .980| -57.32
neuron 11 222 | -056] 8.08] 1439 -093 -020 -0.19 -0.13 0J522.20
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Table 6.3 Weights and biases in the output layer

Neu.| Neu.| Neu.| Neu.| Neu.| Neu.| Neu.| Neu.| Neu.| Neu.| Neu.
LWWRI 7 2| 3| 4 |5 | 6 | 7| 8 | 9 | 10| 11 |Metbi2
outputl | -1.19] 0.32| 0.02| -0.20 0.25 -0.200.12|-0.31|-1.19| 0.47| 0.32] 1.14
output2 | -0.05| -2.10| -0.01| 0.29 | -0.05 -0.03| -0.36| 0.29 | 0.36] 11.79-0.30| 0.83
output3 | -0.50| 0.29 | -0.20] -0.34 | -0.51] 2.19| 0.07| 0.1 -0.2p0.74| -0.64 0.08
output4 | -0.05| 17.36/ 0.02 | -17.54 -0.04| 0.07 | 3.02| 1.33 -3.05-0.80]-0.07| -1.50
output5 | 0.10| 0.21] 0.37] -0.2] -0.040.03| 0.03] 6.77 -0.070.51| -4.71 -2.44

One of the advantages of neural networks is thatweights and biases of the
trained network can be used to build a mathematicadel of the system. By using
the weights and biases in the hidden layer (Talg &d in the output layer (Table
6.3), the mathematical model is prepared in Micfio&xcel with a simple user-
interface for machine operators to enter the defecerity and to get the proposal of

the neural network (Figure 6.13). For mistaken cleéntries, a defect combination
control is embedded (Figure 6.14).

Enter the Severity
of the Defect(s)

[010] >

CASE CONTROL :

PROPOSED
ACTION

MULTILAYER NEURAL NETWORK FOR PARAMETER ADJUSTMENT IN CHANGEOVER

rase | °HORT | gupn | cuar. |eector|sering | WESD | sk | MATT
SHOT LINE SURF
2 4
| OK
NOZILE | MOLD INJ HOLD INJ
TEMP TEMP SPEED PRESS PRESS

Figure 6.13 User interface for parameter adjustment

MULTILAYER NEURAL NETWORK FOR PARAMETER ADJUSTMENT IN CHANGEOVER

Enter the Severit SHORT WELD MATT
nierine SeVertY | rLasH BURN | CHAR. |EJECTOR|IETTING SINK
of the Defect(s) SHOT LINE SURF
[0 10] > 2 5
CASE CONTROL: | CHECK DEFECT COMBINATION
MNOZZLE MOLD INJ HOLD IMJ
PROPOSED TEMP TEMP SPEED PRESS PRESS
ACTION

Figure 6.14 Warning message of the user interfacetahe defect entry




6.3 Performances of FIS and MLNN in the Same Figures

The results confirm that both FIS and MLNN cangm@ate satisfactory resolution
proposals for defects during a changeover. Combjmedormance statistics are

given in Table 6.4 and plot diagrams are givenigufe 6.15.

The rules in FIS make the relationships in thetesys easy to understand.
Especially with the interactive fuzzy software, timéerence mechanism becomes
visible so FIS can be named as a “white box”. Neleg can be added or some of
them can be removed easily. Individual rules camtémized. However, FIS does
not have generalization capability and requiresnwion membership functions and
ranges. On the other hand, MLNN is a very powethdl to map nonlinear
relationships between inputs and outputs with segaization capability. The user-
interface built for MLNN outputs provides the irdetivity. But, adding a new rule

requires re-training the net.

Table 6.4 Comparative performances of FIS and MLNN

OUTPUT PEARSON'S R R2
EXPERT vs FIS | EXPERT vs MLNN | EXPERT vs FIS| EXPERT vs MLNN
A (Nozzle Temp. °C) 0.9948 99.67% 0.9897 99.35%
A (Mold Temp. °C) 0.9932 96.17% 0.9865 92.48%
A (Inj. Speed mm/se( 0.9871 96.67% 0.974: 93.45%
A (Hold Press. bar) 0.9925 99.75% 0.9851 99.49%
A (Inj. Press. bar) 0.9907 99.12% 0.9815 98.26%
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CHAPTER SEVEN
CONCLUSION

7.1 Summary of the Dissertation

It is a reality that companies have difficulties finding experts on plastic
injection molding so changeovers are still unpleasasks. High workload on setup
experts affects lot size planning, and expectectfitsnof SMED cannot be realized
due to expert scarcity. Because of the uncontr@ltdzctors (environmental humidity
and temperature changes, gradual wear on moldcasriand machine parts, quality
deviations of the resin), changeover parametelingein plastic injection is a
dynamic problem that cannot be solved via optinnzaalgorithms that require data
from a static study space. So, there is a stroegl f@er an expert system to capture
the highest level of domain expertise to let it umed by machine operators to

increase the number of staff who can make changgarameter setting.

During a parameter setting, the defects on thes pae used as inputs to define the
actions on the process parameters. However, the&remany root causes of an
injection defect that make it difficult to build a@xpert system covering all the
actions. Yet, in changeovers, the experts are ¢ggeto fine tune the process
parameters to resolve the quality issues withiresvminutes. Therefore, quality
problems related to design issues, machine or resiaction and maintenance
requirements are out of the scope of changeovenpeter setting. In this manner,
the experts are asked for their actions of resgltire defects under the assumption

of there is no issue on design, machine or resatsen and maintenance.

As the severity of the defects and the amountahge of process parameters are
defined with linguistic terms, fuzzy inference symstis used. Membership functions
of inputs and outputs are chosen and 180 fuzzy rale defined together with three
injection experts. Fitness tests are applied to thee correlation between the
responses of Mamdani-type fuzzy inference systetneaperts’ responses to the 180

guestions representing each of 180 cases. Aftechie@ the desirable fit, real

88



molding trials are conducted to ensure the readinéshe system. A dozen of trials

prove that the fuzzy inference system providesfatiory responses.

The dataset of 180 cases is used to build a @ewydtilneural network to compare
the performance and applicability of fuzzy inferergystems and artificial neural
networks. Current 180 cases are used as trainiggetaand additional 61 cases are
added as test dataset. Bayesian regulation isinsedne hidden layer network with
11 neurons. It is observed that neural networks a0 generate satisfactory

responses in changeover parameter setting.

7.2 Discussions & Future Research Directions

During the validation process, it is observed thstessing the severity of the
defect is an important point to reach the solutidth fewer trials. Overestimating
the severity triggers the counter-defect, and ugstenating improves the result but
falls short to resolve the current problem totalythough in both of the cases an
additional trial would be needed, the boundaryhefrules in the expert system leads
the operator to manipulate the correct paramettr wilevel inferred based on the
last result. In other words, soft reasoning and dnumeasoning are combined to get

the result with fewer trials.

In the future studies, the defect types and seegrcan be detected using cameras
and neural networks to overcome the interpretatifferences. The autonomous
changeover of parts and tools would support fultomation and Industry 4.0

initiatives.

The use of proposed expert system in current a@gaons motivates the machine
operators to understand how to generate solutmmeairious quality problems. Total
guality awareness inside the plant is expecteddmrease as those machine operators
also keep their eyes on mass production. Intemdtizzy tools and neural network
user interface presented in the thesis can alsaskd as training tools for new

comers.
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