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ABSTRACT

Printed circuit boards are the most important part of all electronic devices used to-
day, and the production of these boards consists of many critical processes. Assembly
production lines include different inspection machines such as Solder Paste Inspec-
tion (SPI), Automatic Optical Inspection (AOI), X-Ray Inspection Device to detect
defects and misplaced components on the circuit boards. SPI and AOI machines
determine these problems by checking that different measurement values remain be-
tween certain threshold values, but these machines cannot provide a perfect detection
mechanism since threshold values are determined by a maintenance technician by trial
and error. Therefore, the circuit boards are also controlled by X-Ray Inspection ma-
chines, thus the solder paste that cannot be inspected visually by human can be easily
inspected. This project aims to create a neural networks model that uses SPI and AOI
measurement, parameters as input features and predicts potentially defective boards
before the boards go through X-Ray inspection. This model allows suspicious circuit
boards to be tested in X-Ray Inspection machine, instead of testing of some circuit
boards randomly. Thus, the number of X-ray devices required to test the boards is
reduced, the circuit boards to be selected for sampling are selected from the boards
that are likely to be defective rather than randomly selected. By virtue of this model,
suspicious solders and components will be marked on the boards that will be sent to
X-Ray test station as suspicious and the operator will be prevented from missing the
defects that may occur in these areas. It is foreseen that this system will also identify
contact without connection defects, also known as head-in-pillow defects, which can-
not be detected in SPI, AOI and Functional Verification Test (FVT) processes, thus

the quality of the boards produced is likely to increase. The data will be collected for
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17MB170R4 model circuit boards, which are the main board of televisions, produced
in one of the production lines at Vestel Electronics Factory, and the model will be
applied for four BGA elements on this board. In this project, it is aimed to work
on BGA elements because the solder areas of these elements cannot be inspected
visually after the component is placed on the board. Due to the model, it is possible
to detect most of the defective boards by applying X-Ray testing to only 1% of all

circuit boards produced.



OZETCE

Baskili devre kartlari giintimiizde kullanilan tiim elektronik cihazlarin en o6nemli
bilegsenidir ve bu kartlarin tiretimi pek cok kritik siirecten olugmaktadir. Montaj
iretim hatlar1 devre kartlari tlizerindeki kusurlar1 ve yanlig yerlesgtirilmis eleman-
lar1 tespit edebilmek igin Lehim Pastasi Muayenesi (SPI), Otomatik Optik Muayene
(AOI), X-Ray Muayene Cihaz gibi farkli muayene cihazlar igermektedir. SPI ve
AOI cihazlar1 bu problemleri farkh 6l¢iim degerlerinin belirli esik degerler arasinda
kaldigimi kontrol ederek tespit eder ancak bu cihazlar miikemmel bir tespit mekaniz-
masi saglayamaz ¢iinkii esik degerler bir bakim teknisyeni tarafindan deneme yanilma
yontemi ile belirlenir. Bu yiizden devre kartlari ayn1 zamanda X-Ray muayene ci-
hazlar1 tarafindan kontrol edilir, bu sayede insan tarafindan goriilmesi miimkiin ol-
mayan lehim pastalar1 kolayca denetlenebilir. Bu proje SPI ve AOI 6lgiim parame-
trelerini girdi ozellikleri olarak kullanan ve devre kartlar1 X-Ray muayenesine girme-
den kusurlu olabilecek kartlar1 onceden tahmin eden bir sinir ag1 modeli olugturmay
amaglamaktadir. Bu model rastlantisal olarak bazi devre kartlarina X-Ray testi
yapmak yerine gercekten hata vermesi olasi siipheli devre kartlarin X-Ray testinin
yapilmasinmi saglar. Boylece kartlarin testlerinin yapilmasi igin gerekli X-ray cihaz
sayis1 azalir, ornekleme icin secilecek devre kartlar: rastlantisal secilmek yerine arizali
olmasi olasi kartlardan secilir. Bu model sayesinde X-Ray test istasyonuna siipheli
olarak gonderilecek kartlarda siipheli lehimler ve elemanlar isaretlenerek operatoriin
de bu bolgelerde olusabilecek kusurlari gézden kagirmasi onlenecektir. Bu sistemin
ayn1 zamanda SPI, AOI ve Fonksiyon Dogrulama Testi (FVT) siireclerinde tespit

edilemeyen, yastik i¢inde bag hatasi olarak da bilinen baglanti olmadan temas kusurla-

vi



rin1 da yakalayacagi ongoriilmektedir, bu sayede tiretilen kartlarin kalitesi de arta-
caktir. Veriler Vestel Elektronik Fabrikasi'ndaki iiretim hatlarindan birinde tiretilen,
televizyonlarin ana kart1 olan 17MB170R4 model devre kartlar: i¢in toplanacaktir, bu
kart tizerindeki elemanlardan dort adet BGA elemani igin bu model uygulanacaktir.
Bu projede BGA elemanlar: tizerinde g¢aligilmasi hedeflenmistir ¢iinkii bu eleman-
larin lehim bolgeleri eleman karta yerlestirildikten sonra goriillemez. Model sayesinde
tiretilen tiim devre kartlarimin sadece %1 ine X-Ray testi uygulayarak arizali kartlarin

biiylik cogunlugunu tespit etmek mimkiindiir.
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CHAPTER 1

INTRODUCTION

1.1 Overview of PCB Layout and Its Components

Printed Circuit Boards (PCBs) are generally green, non-conductive, epoxy resin
boards and they contain copper conductive tracks, pads and other connections, thus
providing electrical connection of the parts on them. PCBs contain electrical parts
only on one surface, as well as different connections and parts on the other side. PCBs
can be single-layered or many-layered that are isolated from each other and connected
by conductive pads called vias.

The electrical part assembled by soldering to the conductive pads on the PCB is
called component. Components are assembled in two ways based on their mechanical
structure: Trough Hole Technology (THT) and Surface Mounting Technology (SMT).
Components assembled by THT method have legs in the form of conductive wires and
these legs are soldered after being inserted into the holes on the PCB. Components as-
sembled by SMT method are soldered directly to the surface without passing through
the holes in the PCB. Components that are assembled with SMT method are smaller
than those suitable for THT method and it is possible to place more components
on PCB. In addition, the production processes of SMT are faster and cost effective.
In THT method, the components are relatively larger, they can only be mounted
on the top surface of the PCB and they are costly compared to SMT components.
The most important advantage of the THT method is its high reliability. Since the
legs belonging to the component are mechanically inserted into the holes on the PCB
surface, they are more suitable for adverse conditions such as mechanical impact and

extreme temperatures. Therefore, they are especially preferred in the circuits used in



defense industry and aviation industry.
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Figure 1: Resistors that are through-hole mounted and surface mounted. [1]

Nowadays, components suitable for SM'T method are mostly used due to their low
cost, less required space than THT components and their ability to be mounted on
lower, upper and intermediate layers. Components that can be assembled by SMT
method are called Surface Mounting Device (SMD). There are many different SMD
components such as Metal Electrode Leadless Face (MELF), Small Outline Transis-
tor (SOT) and Integrated Circuit (IC). Among these components, IC components
are the most common types. IC components are small components that can contain
many different circuits on a semiconductor material, and there are different IC compo-
nents such as Small Outline Integrated Circuit (SOIC), Thin Small Outline Package
(TSOP), Ball Grid Array (BGA). Unlike other IC components, BGA components are
components whose solder points are in the form of a square matrix on the bottom
surface of the component, not on the edges of the component. BGA components have
solid solders at their soldering points. After solder is applied to the solder folds on the
PCB, BGA components are placed, and the fusing process ensures that the solders on
the component and the PCB are fused. The fact that the solder points are under the

surface enables the PCB surface to be used more effectively, its electrical and thermal



performance is better, and thinner boards can be produced with a very low compo-
nent thickness, so they are frequently used in this respect [21]. The only disadvantage
of this component is that the solder pads cannot be seen visually because they are
under the component and the rework process is difficult. BGA type components will
be examined in this project since they are used on almost all of boards today and it

is very difficult to figure out if there is a problem for the solder paste on the pads.

Figure 2: A BGA component and solder pads on both PCB and the component. [2]

After all the components are placed and soldered on the PCBs and they are ready
to be used, the boards are called Printed Circuit Board Assembly (PCBA). PCBAs
are named as PCBs in the beginning phase of the production. After the solder paste
is applied on the solder folds, the components are placed, and the boards are heated
up in oven to fuse the solder. Then the boards leave the production line as PCBAs.
Process phases that are applied on PCBs in the production will be examined in
Section 1.2. in detail.

PCBAs are produced as a whole board, named as a panel, combined with same
boards which have the same design and components for the ease of production. Each
PCBA with the same features in a panel is called multiplication. A panel can be
composed of one multiplication as well as two or more of them. In Vestel PCBA
factory, each PCBA board has a serial number and the serial number of each PCBA

is different from each other. FEach panel which includes many same PCBAs has



its own unique number, this number is called master code. PCBAs exist as panels
throughout placing and soldering of components. At the end of the production line, an
operator divides the panels into PCBAs by using laser cutting machine. Therefore,
while the tests on the production line such as Solder Paste Inspection (SPI), Pre
Automatic Optic Inspection (Pre-AOI), Post Automatic Optic Inspection (Post-AOI)
are performed with master code on a panel based, the tests which are performed after
separating PCBAs such as X-Ray Inspection, Functional Verification Test (FVT),
In-Circuit Test (ICT) are matched by serial numbers.

Each component on PCBAs has a different name so that they can be distinguished
from each other during tests. In Vestel PCBA factory, components are named using
one or two alphanumeric characters and adjacent numerical characters. For the con-
ductive legs of each component to be soldered on the PCB, there are corresponding
conductive copper folds. Generally, the conductive folds on the PCB are called pads,
and the legs corresponding to these pads on the component side are called pins. How-
ever, after the components are soldered and joined to the PCB, pad and pin names
can also be used to address to the same point. In this thesis, both the pad and pin

names will be used frequently in the same sense to describe these conductor folds on

the PCB.

1.2 PCB Assembly Process in Production Lines

As stated in the previous section, the boards are PCBs without any components at the
very beginning of the production line, after all production processes are completed,
they are packaged and shipped as PCBAs. In this section, the processes which are
applied in the transition from PCB to PCBA will be examined in detail. As PCBs
move along a production line, they pass through a series of machines arranged in
series and they are processed and controlled by each different machine. The first

machine that PCB is processed by is Screen Printer (SP) machine. In this station, a
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Figure 3: A panel which is named as 177MB170R3 and produced in Vestel.

plate called stencil is placed on the PCB, on which only the regions corresponding to
the solder pads on the PCB are empty and all other parts are solid. There is clay-like
solder paste on one side of the stencil before the process. Solder paste is a material
that contains a mixture of solder and flux. A squeegee pass over the stencil and rubs
the solder paste over the stencil, ensuring that the solder paste is equally distributed
over the gaps on the stencil. Next, the stencil is removed from PCB, so that the
solder paste is remained only on the solder pads. It is possible to adjust different
parameters on the machine to ensure that the amounts and shapes of the solders are
homogeneous. Adjustable machine parameters such as the speed of squeegee, the
amount of pressure the squeegee applies on the stencil, the angle of the squeegee,
the speed of separating the stencil from PCB directly affect the quality of the solder
applied to the solder pads. When a new type of PCBs is being produced for the first
time in a production line, a technician adjusts and saves these parameters until high-
quality solders are obtained on PCBs. Screen printing process is very critical because
if there is any problem in the amount or shape of the solders that SP machine applies
to the solder pads, when the components are placed on the PCB, the solders on the

pads may dissipate and problems caused by soldering such as short circuit, missing



solder, cold soldering may occur. For these reasons, right after SP machine, PCBs

are controlled by Solder Paste Inspection (SPI) machine to inspect applied solders.

Print Direction

===
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Figure 4: The process of rubbing solder paste over a PCB in SP machine. [3]

SPI machine is the first machine in the production line that the control process is
applied. In this machine, optical control of the solder paste on the pads is performed.
The machine has more than one angled camera and lighting. Angled cameras capture
the image of solder paste on the PCB from different angles and the machine calculates
and records measurement values such as volume, area, height, offset for each pin by
image processing techniques. It is possible to set lower and upper limit values for
each measurement, so if any deviation is detected in any of the controlled pins as
a result of the measurement, the machine generates failure result for that pin and
warns the operator. The main technical features of SPI machine are the number of
cameras and lights, and the speed of test completion. On relatively low-cost machines,
the number of lights is limited, which may sometimes cause shadows in the images
captured by the machine and measurement results are less reliable. Test completion
speed is another feature that determines how many seconds the control process last
with units of sec/ecm?, regardless of PCB size. High speed machines are preferred in
production lines with high daily production quantities.

The measurement results of SPI machine are one of the most important control

processes in the production line because if there is a defect in the solder paste that



is caused by SP machine, this defect must be caught in SPI machine. Otherwise,
the PCB will continue to move along the line and all the components will be placed
and soldered. Thereafter, if a problem is observed in the tests performed after the
production, the problematic component is heated, separated from the board, the
solder is cleaned and a new component is placed by applying solder again, this process
is called rework. Rework operations are costly and risky because interference of a
technician is required. However, in the case of a defect in the solder paste is caught
directly in SPI machine, the PCB is removed from the line and transferred to Stencil
Room, all solder paste is washed and cleaned, and the clean PCB without solder is
moved to the beginning of the production line. This process is a very low cost and

more reliable process than rework process.

Figure 5: 3D image of the solder paste on a PCB obtained by SPI machine. [4]

After the solder paste on the pads is controlled by SPI machine, if the machine has
decided that all solders are valid or if the solders with some measurement values very
close to the threshold values are visually checked by the operator and no problem is
observed, the PCB goes inside Pick & Place (P&P) machine to make the components
placed on them. In P&P machine, the PCB is fixed mechanically first, and the
cameras inside the machine check for the reference marks on the panel called fiducial

marks to make sure that the PCB is positioned correctly. P&P machine has feeding



mechanisms called feeder where the components to be placed on PCB are stored.
These mechanisms can be in the form of reel / tape, tube or tray. An operator
continuously feeds new components to the machine through the feeder. After the
board is positioned correctly, a robotic arm operating in Cartesian coordinates (x,
y and z axes that are perpendicular to each other) picks the components from the
feeder mechanism via vacuum pads and places them in their positions on the PCB
according to a previously created software on the machine. There is also a camera on
the arm, so it is visually checked whether all the components taken are not physically
damaged and that all legs are in good condition and straight.

As previously described, a PCBA production line is a line where multiple machines
are lined up one after another along a single vertical line. In order to provide the
production line to work continuously without stopping, the processing time of each
operation performed in each machine must be very close to each other. Otherwise,
the boards start to accumulate in the stations which are behind the station that the
processing time is too long, and the production runs intermittently. Since the longest
process time in PCBA production belongs to the process of placing the components
on the PCB, all the components are not placed at once, but are partly placed at
two or more stations. For this reason, there are more than one P&P machine in the
lines and the component placement process is completed after PCB is processed in
all these machines one after another.

After SMD components that are suitable for SMT type mounting are placed on the
PCB via P&P machines, the boards go to Pre-Reflow Automated Optic Inspection
(Pre-AOI) machine where the second control process is applied. The cameras inside
this machine check the soldering of the components, the correctness of their polarity,
and that there are no missing or short circuit components. Pre-AOI machine also
records the measurement values of all components such as position, offset, angle and

probability of failure. When there is a problem with measurement values of the
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Figure 6: A pick and place machine and its reel-typed feeder mechanism. [5]

components, the machine warns the operator. If the operator detects a problem with
any of the components, he / she transfers the board to Stencil Room in order to
make the board cleaned from all the components and solder paste and then restarted
the whole processes again from the beginning. Pre-AOI control machine is one of
the most important stations because it is the last checkpoint before the board goes
to the oven. If a defect in the components cannot be detected here and the board
goes to the oven, then a rework process must be done to repair this component, and
this process requires human interference, so it requires a lot of cost and may involve
errors.

The boards that pass all the controls in Pre-AOI machine successfully goes to Pin
in Hole Reflow (PIHR) machine, which is the last station before the oven. In this
machine, the components which are suitable for THM method (Through Hole Device
- THD) are placed by passing their legs through the holes on the PCB as in P&P
machine. The solder paste on the solder pads with holes is applied in SP machine.
When PIHR machine places the components that are suitable for THM, the solder
paste is pushed down through the hole. In this way, THD components are heated
up in oven together with SMD components without the need for wave soldering the

bottom of PCB in a separate station.



Figure 7: Assembly of THD components by PIHR method. [6]

By placing THD components as well, the PCBs, of which the solder paste is
applied and the placement of all components has been completed, are heated up in
Reflow Oven in order to fuse the solder on the pads and pins, and cooled down to
permanently mount the components to the PCB. The length of Reflow Oven depends
on the production capacity of the line and the melting temperature of the solder paste
used in SP machine. In addition, while determining all parameters of this machine,
the following features of the board should be considered: Solder paste type, PCB
material, PCB thickness, number of layers, copper density on the PCB, the number
of SMD components and the type of SMD materials [10]. PCBs in Reflow Oven go
through four different stages, and these stages are as follows: pre-heating, soaking,
reflow and cooling. In pre-heating stage, the boards are heated to reach the soaking
temperature. Heating rate is very important at this stage and other stages also,
because if heating occurs too fast, components may crack, or small solder balls may
form around the solder paste. In soaking phase, the aim is to make sure that melting
temperature is reached enough in every part of the board before entering the reflow
phase. In reflow phase, the ambient temperature is adjusted to a temperature higher
than the melting temperature of the solder, and all solders on the board become
fluid. Ambient temperature and exposure time of the board are very important in
this stage. If the board is exposed to too much heat, some of the components may

deteriorate due to excessive heat, if exposed to too little heat, the solders may not

10



melt properly, and problems called cold solder may occur. In reflow phase, nitrogen
is applied on the boards to clean intensive fluxes. The last stage is cooling stage, at
this stage, the board is cooled down in a controlled manner. If cooling occurs too
fast, bends and distortions may occur in PCB and components.

When the PCB comes out of the oven, all solders are fused, and the components
are permanently mounted on the PCB. However, it is possible for the components
or solders to be damaged in Reflow Oven machine, as the PCB is heated to high
temperatures and cooled again. For this reason, the boards are also controlled by
Post-Reflow Automated Optic Inspection (Post-AOI) machine, which is the last sta-
tion that the control process is applied and the end of the production line. The
controls made by this machine are similar to those made on Pre-AOI machine. Post-
AOI machine checks whether there is slippage, distortion, deflection or deficiency in
the components after the heat treatment applied in Reflow Oven and records the
measurement values such as position, misalignment, angle and probability. Unlike
the other control points, since all components are mounted permanently after the
oven, in case of a problem in the components or solders, they cannot be directed to
Stencil Room to be sent to the beginning of the line after cleaning process. If the de-
fective component is a simple and easy-to-install component, the repairman standing
next to the production line heats up the component and solders a new component.
If the defective component is complex and contains too many solder pads, the board
is transferred to Rework Room for the replacement of this component, where a more
knowledgeable and skilled technician performs the replacement of the component by
using more professional equipment.

PCBAs that pass all controls on Post-AOI machine leave the production line. In
a separate laser cutting station, an operator divides panels which contain many mul-
tiplexed boards into single PCBAs. Afterwards, the separated boards are directed to

the test line to ensure that they are working correctly and meet desired performance
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Figure 8: A general layout scheme of a PCBA production line. [7]

criteria before shipping to the customer. In test line, operators place the boards in
a mechanism called gauge or jig and energize the boards. They install the necessary
software and firmware into the processor of the boards via a desktop computer and
run the test software to make sure that all the technical features are working cor-
rectly. This process is called Functional Verification Test (FVT). The boards then
pass through ICT station. In this station, PCB is fixed with clamps first and a mech-
anism consisting of many conductive needles called bed of nails is contacted on the
test points on the PCB. The electrical properties of the boards such as short circuit,
resistance, and capacitance are examined by applying different voltages and currents
to the circuit. If the PCBA is not successful in any of these tests, the board is di-
rected to Rework Room, after the analysis is performed to find out relevant errors,
component replacement is made by the technician if necessary. If the boards pass all
these tests successfully, they are placed in boxes which have Electrostatic discharge
(ESD) feature by a mechanism and then shipping operations are provided.

Some of the boards that passes the controls of Post-AOI machine successfully are
randomly sampled and examined on X-Ray Inspection machine before the test line.
The main purpose of X-Ray control is to find errors that cannot be detected during the
controls performed along the production line, and to determine the stations related

to these errors and to make improvement studies. Additionally, since the solder
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points of some components are under the component, which is similar to BGA type
components, it is not possible to control these solders on AOI machines or visually by
the operators along the production line. These components are especially examined
in the boards selected by random sampling method, and in case of any problem,
relevant stations are reconsidered.

It is not possible to include X-Ray Inspection machine in the production line
because the control process time of these machines is quite long, and it is not suitable
for the capacity of the production line. Moreover, these machines are very expensive,
so X-ray testing of all produced boards is not preferred due to both time and cost
excess. With the work carried out in this project, a model will be trained with
measurement values taken from SPI, Pre-AOI and Post-AOI machines, and it will
be provided that the prediction of X-Ray result of each pin for BGA components
is correct. In this way, the boards with very low error probability according to the
model will not be tested and only suspicious boards will be tested and a more logical

sampling method without the risk of error will be achieved.
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Figure 9: A diagram that shows whole processes of PCBA production in Vestel.
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1.3 Main Challenges in PCB Assembly Process

PCBA production consists of processes that involve many risks in each step. It is
possible to categorize these risks into material-based risks, production-based risks,
human intervention-based risks and inspection-based risks. This section will be ex-
amined under the headings of these risks related to PCBA.

Generally, PCBA production is entire of assembly processes. Solder paste is ap-
plied on the PCB and all electrical components are mounted on the PCB. Therefore,
the PCB, the solder paste and all the components are supplied from different manu-
facturers. These materials are tested and examined by a department called Quality
Assurance by sampling randomly. In case of an error, the batch of materials contain-
ing that material is completely rejected and the manufacturer is warned. However,
since it is not possible to control all incoming materials due to high costs, it is of
great importance to identify defective materials and components during the produc-

tion process.

Figure 10: Solder printing process in SP machine. [§]

As explained in detail in the previous section, the production line consists of
many machines on which many different processes are applied on the PCB. These
machines are automated machines, but their operating characteristics are determined

by the parameters which are set by a technician. In SP machine, while the solder
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paste is applied on the PCB, the stencil which has holes only in the areas where
correspond to the pads is placed and the paste is allowed to flow through the holes
to the pads. If there is an obstruct in one of the holes on the stencil, the paste will
not flow through this hole and the pad will remain without solder. The angle of the
squeegee and the pressure that is applied by the squeegee in order to rub the solder
paste over the stencil are very important. If the technician sets the pressure value
lower than required value, the solder paste cannot penetrate to the pads sufficiently
through the holes on the stencil and lack of solder defect occurs. After the solder
paste is applied on the stencil, the stencil is detached from the PCB and only the
solder paste remains on the solder pads. If the stencil is detached too quickly during
this separation process, the solders on the pads are dispersed and the shape of the
solder is distorted. The defects that can be caused by solder paste are summarized in
Figure 11. Slumped print defect is usually caused by melting of solder paste when the
PCB is processed at temperatures above the recommended value for the solder paste.
Scavenged print defect occurs when the pressure that is applied by the squeegee to
the stencil is too high. Due to the excessive pressure, the liquid in the middle of the
solder is distributed towards the edges and a hole occurs in the middle. Bridging
defect is an error caused by the stencil not being properly placed on the board or the
stencil not being clean. This defect is very dangerous because two solder pads are
conducting with each other and a short circuit occurs when the board is energized.
Peaking defect, also called dog ear, is caused by the rapid separation of the stencil
from the PCB.

In P&P machine where the components are placed on the PCB, it is possible to
have some risks if maintenance of the machine is not performed periodically. If the
vacuum nozzle on the robotic arm carrying the components and placing them on the
PCB is not cleaned properly or is not replaced with new nozzle due to wear and

corrosion over time, the component may fall off the arm, or the component may slip
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Figure 11: Possible defects that can be seen for the solder paste on the pads. [9]

during the transportation process, which results an offset as it is placed on the PCB. In
addition, if the nozzle which is composed of right material is not used, it may damage
the components while taking and cause the PCBA to fail in future tests. One of the
processes with the highest probability of error is undoubtedly Reflow Oven machine.
Since the PCB is first heated and then cooled with a predefined heat profile, many
different types of defects may occur if the PCB is exposed to undesired temperature
change. If the PCB is subjected to extremely rapid temperature changes during pre-
heating phase in Reflow Oven machine, the components may crack, or small solder
balls may form around the solder paste. If the heat in soaking phase is applied for
too long to ensure that the temperature is balanced throughout the board, the solder
paste may fatigue, and bubbles may occur on the solder. In reflow phase, the PCB
is heated above the melting temperature of the solder paste, if the PCB is exposed
to more heat than it should, the components on it may deteriorate or the material
characteristics of the solder may change and become more brittle. This results in the
lack of permanent adhesion and the component can fall off easily.

A common defect which is called tombstone, is seen as the component levitating
to one side with more adhesion in one of the pads contacted by the component after

the solder is heated and cooled. It is known that this error is usually caused by the
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Figure 12: Solder ball issues caused by excessive heating in Reflow Oven. [10]

wrong heat profile applied to the PCB which results the solder on one pad melts
and the other does not melt, or the wideness on one pad being more than the other.
Perhaps one of the worst defects that can occur in Reflow Oven machine is called
"head-in-pillow” defect. This defect usually happens in BGA-like components and is
seen as the solder on the pins on the bottom of the component and the solder paste
on the pads of the PCB contacting each other but not fully fused. This kind of defect
cannot be caught in Pre-AOI and Post-AOI inspection, as well as in tests such as FVT
and ICT, because the solders on the problematic pad and pin contact each other even
though they are not fully fused. After the PCBA is shipped to the customer and used
for a while, the unfused solder is dispersed again due to the mechanical and thermal
stress on the component and the PCBA will fail. Although there are many different
reasons for this defect, one of the most important reasons is that the quality of the
solder paste is poor, and the heat profile applied in Reflow Oven is not correct [22].
All processes in PCBA production are carried out by automated machines with-
out any human intervention. However, there are open-top conveyors between these
machines, the boards are transported from one machine to another by means of these
conveyors. Since the components are not permanently mounted on the PCB before
Reflow Oven machine, during the movement of the boards, the wrong intervention

by the operator may cause the component to slip and the solder paste to deteriorate.
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Figure 13: Head-in-pillow defect that can be seen on the solder pads of BGA typed
components. [11]

Furthermore, if SPI, Pre-AOI and Post-AOI control machines calculate that some
measurement values do not exceed the limit values, but they are too close, they give
a warning instead of evaluating the board as defective. The final decision is expected
by the operator in this situation. The operator visually checks the component or
solder paste and decides whether there is a problem. Although this decision is made
by authorized and knowledgeable operators, it does not contain absolute accuracy,
the operator may not notice any defects and these boards may fail in the next control
station or test line.

Inspection-based risks are caused by incorrect threshold values set on the control
machines. In SPI, Pre-AOI and Post-AOI control machines, different measurements
are made for the solder paste and components on the PCB, and each measurement
has lower and upper limit values. If the measurement values for all components in a
PCB are between these two limit values, the control machine does not give a warning
and the PCB passes through the machine and proceeds to the next station. If any
of the measurement values are close to the upper or lower limit, the machine warns
the operator. If a value is outside of these limits, that board leaves the production

line as defective. In other words, it is determined by the machine whether the card
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is passed or failed according to the measurement values and this decision directly
depends on the lower and upper limit values. Limit values of control machines are
set by authorized technicians, these technicians determine the limit values with their
experience and knowledge. However, although the limit values are set to suitable
values as much as possible, it is not possible to set the most optimum limit values in
practice. If the limit values are set in a very narrow range, the machine defines many
boards as defective and unnecessary interventions cause the production line to slow
down. If the limit values are set in a very wide range, since the measurement values
of the boards that may fail will remain within the limit range, they pass to the next
station without any warning. In this case, the components that are actually failed

cannot be caught by the control machine.
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Figure 14: Tombstone defect that can happen after the reflow process. [12]

Most of the failures that can occur during the production described above are
detected by SPI, Pre-AOI and Post-AOI control machines, but there are some defects
that these machines cannot identify. These defects are those that cannot be detected
visually by human eyes or cameras when looking at the top surface of the board and
can only be detected by X-ray beams. The defects may occur in the components
which stay in the intermediate layers of the PCB, or some defects can be detected
inside of the components. The defects can also be observed in the solder pads that

are between the bottom surface of the BGA type components and the top surface
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of the PCB. In this project, it is aimed to predict the results of X-Ray inspection
with the measurement values of SPI, Pre-AOI and Post-AOI machines, for a specific
type, BGA type components. By identifying the boards that may be suspicious to
pass X-Ray analysis, it will be ensured that the boards that may contain defects
are transferred to X-Ray Inspection without being missed. In this way, instead of
performing X-Ray testing by random sampling, X-Ray test will be performed for the
boards with suspected defects and a more logical sampling method will be provided.
By testing fewer boards, the cost of operation will be reduced, the maintenance cost
will be reduced due to the less frequent use of existing machines, and the cost will be
reduced by decreasing the number of X-Ray devices that are needed to be purchased
to inspect the boards in all production lines by X-Ray Inspection. Solder defects
such as head-in-pillows, which cannot be detected in any test on the production line,
will be detected using measurement values in the control machines and the quality
of the PCBAs obtained as the final products will be increased since the possibility of

missing the defect is removed.
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CHAPTER 11

LITERATURE REVIEW

The difficulties during the processes in PCB and PCBA production and the defects
that occur in the products caused by these difficulties have led to a number of studies
in this field. S. S. Zakaria et al (2020), who examined the studies related with detect-
ing defects in PCB production in the literature, stated that the studies conducted in
this area are limited and early detection of defects is still not fully discovered [23].
One of the most important factors of the limitation of these studies is the lack of
structure to collect data from all machines in the production line in PCBA factories.
Foster (2019) stated that Flex, one of the biggest companies in this sector, has 1500
PCBA production lines all over the world, does not have a sufficient structure to
record the data and images taken from the machines [24].

In light of research about PCBA production, it is realized that the most important
reason of the defects in PCBA production is caused by SP machines. Parameters such
as the pressure value applied by the squeegee on the stencil, separation speed of the
squeegee, quality of the solder paste affect the quality of the solder paste directly
and the quality of the produced PCBAs indirectly. In a study, it was observed that
52-71% of the defects observed in the assembly of components suitable for the SMT
method were directly caused by the application of solder paste [13]. Consequently,
the research projects in this area are generally focused on examining SPI data or
examining the solder paste on the PCB with computer vision algorithms in order to
detect the defects in solder paste.

It is possible to categorize the studies on the automatic detection of defects in

PCBA production under two subcategories with studies made on PCB images using
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Figure 15: Defect distribution of SMT components in PCBA production. [13]

computer vision algorithms and studies made on the measurement data obtained
from inspection machines. In this section, these studies will be examined under
these subcategories and their advantages and disadvantages will be discussed. To
briefly summarize the research in the literature, the studies to predict defects in
PCBA production have been limited due to the minority of the data. Since the
data collected to train deep layered neural networks is not sufficient, these models
have been underfitted and cannot not show sufficient performance. In addition, in
studies that use measurement values, only the values obtained from SPI machine were
generally used as inputs and while these values were labeled, the results of ICT or
AOQI stations at the end of the production line were considered. Since the boards are
performed by many different processes such as component placement and reflowing
solder between SPI and AOI stations, the recall value remains low due to the fact
that the labels do not only depend on the values obtained from SPI machine. In
this project, by means of previous work to collect as much as possible data from the
machines in the production lines, the dataset is created with the measurement data
of SPI, Pre-AOI and Post-AOI control machines. Furthermore, in the studies related
with detecting defects, the results of the boards such as defective or not defective
were used to label all pin values of a board instead of using more precise pin-based

results. In this project, the measurement values are labeled at the X-Ray Inspection
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station with defective or not defective results on pin-based level. In other words, data

collected from the machines are labeled more precisely.

2.1 Research Related with Computer Vision

Two approaches are generally observed in the studies for defect detection with com-
puter vision. These studies can be focused on detecting defective solder paste or
component by using two or three-dimensional images obtained from existing SPI,
AOI or X-Ray Inspection control machines on the production line, as well as a dif-
ferent imaging system can be set up and defect detection analysis can be done by
different cameras. Using images by AOI inspection machine, Song et al (2018) de-
veloped a model to classify complex defects in ten categories from the direction and
location of the component, the quantity and quality of solder paste, and both the
component and the solder paste. They divided the component images they obtained
from AOI machine into regions called feature extract regions. Thereafter, they ob-
tained average intensity of blue and red color values for each region in the images
obtained with blue, green and red lighting. Initially, they divided the images into
3, 9 and 15 regions and classified them using Support Vector Machine (SVM) and
Multi Layered Perceptron (MLP) models. In this study, they found that using SVM
model by dividing images into 9 regions gives better results. Furthermore, instead of
manually dividing the images into a certain number of regions, they found the opti-
mum number of regions using Genetic Algorithm method. As a result of this study,
they determined the optimum number of feature extract regions as 47 regions and
achieved 96% accuracy with SVM method. These studies were applied only to the
resistor and capacity components, which have only two solder pads, and the scope
of work is limited because the system can only be applied to the images taken with

RGB lighting [25].
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Acciani et al (2005) developed a system similar to AOI control machine with basic
cameras and created a model that classifies the solder in the legs of the components
on PCBs into five classes from less solder to excessive solder. They developed an al-
gorithm that captures the board at first, then the relevant component and the solders
of the component in PCB images obtained from the camera, and thus determines
Region of Interest (ROI) in the PCB image. Afterwards, they obtained Geometrical
and Wavelet transform features for the solder areas they acquired and classified them
with Linear Vector Quantization (LVQ), MLP, K-Nearest Neighbor (KNN) models.
The models were trained on number of 640 PCB images. As a result, MLP model
trained using GW features achieved 98.8% success for recognition rate (RR), which
is the ratio of correct predictions to all predictions. One of the greatest achieve-
ments of this study is that it does not require a special mechanism that provides
precise positioning of PCBs and a system that includes expensive advanced cameras
for classification of solder pads on PCBs [26].

Wu et al (2005) developed a system that classifies the solder paste on PCBs into
five categories by using the cameras of SP machine. In the system they developed,
the PCB is aligned first and ROIs are obtained. Later, they obtained 2D and 3D
features over ROIs with Otsu algorithm and they trained an artificial neural network

model using these features [27].

2.2 Research Related with Measurement Data

Automatic Mistake Reduction (AMR) system was developed by Yi-Ming Chang et al
(2018) that uses measurement values of SPI machine to reduce the number of boards
with false failures on AOI control machine located after Reflow Oven machine and to
increase the efficiency of the production. They generally formed this system in online
and offline stages. In the offline phase, they preprocessed the volume, area, height

and offset values obtained from SPI control machine and observed the distribution
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in the data. In the online phase, they trained a five-layer deep learning model that
includes an input, an output, and three hidden layers with number of 15000 training
data. They labeled the data that they used while training this model with fail and
false fail results of AOI machine. As a result of the study, they obtained 98.1% Root
Mean Square Error (RMSE) values in training data and 92.5% in validation data with
the model [28].

LaCasse et al (2020) developed a model that uses SPI measurement values to
predict ICT results of BGA typed components. Because the defects of BGA typed
components are difficult to detect and the rework process is costly, they aimed to
predict possible defects in ICT with the system they proposed, and to clean solder
paste from PCBs and reapply again without placing the components in SPI station.
Hence, they developed two models, the first model is pin-based, and the second
model is component-based. In the first model, they extracted 16 features with the
measurement values they obtained from SPI control machine and used the results
of the ICT station as the output of the model. In the second model, they extracted
features for each component with TSFRESH which is used as a feature extraction tool
in time series data and used Decision Tree model. When training the models, they
used two separate datasets containing 930955 and 806321 records and compared the
results. As a result, it was observed that the first model achieved 38% precision and
the second model achieved 83.3% precision and the recall values remained lower than
the precision [14]. One of the biggest disadvantages in the study is that the board
is exposed to very different processes between SPI and ICT stations. Since there are
many different stations such as P&P, Reflow Oven between these two stations, not all
of the results in ICT reflect SPI measurement values. In addition, the measurement
values obtained from SPI station are pin-based level and the results at ICT station are
component-based level. This caused the pin-based model to give a lower performance

result. Another drawback in the pin-based model is that the model does not contain
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the neighborhood information of the pins. As a result of SPI, the measurement values
of solder pastes may be within the desired range, but if measurement values of two
adjacent pins are close to the limit values, this may cause a problem in the downstream
processes. In the component-based model, since the measurement values of all pins
are used to train the model at once, unlike the pin-based model, this model can learn

the relationship between the values of neighboring pins [14].
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Figure 16: Cost of unrecognized defects and percentage of defects for the stations in
PCBA production. [14]

Foster (2019) developed a model that predicts X-Ray Inspection results of boards
using the measurement and parameter values in SP and SPI machines. The purpose
of this study is to intervene PCBs in SPI station in order to remove the solder paste
that may cause problems in X-Ray Inspection, and to eliminate the defect at the very
beginning of the line. Because the cost of loss increases exponentially at each station,
unless a defect is not caught immediately. In this way, even if a defect is not identified
at SPI control station and instead of being detected in X-Ray station, PCBs will be
cleaned and reprocessed as a result of the output of the model, and high-cost errors will
be eliminated [24]. For this purpose, panel-based and component-based models were
developed. In the panel-based model, required features were acquired by applying
Principle Component Analysis (PCA) on the properties obtained from the data in

SP and SPI machines, and then developed Random Forest, Convolutional Neural
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Network and Boosted Tree models. While training the models, dataset is created with
the measurement data of number of 1689 panels, and for labeling this data, X-Ray
Inspection results of the panels were used. As a result, it was understood that panel-
based Boosted Tree model gave the best result with 0.74 AUC. In the component-
based model, the min, max and average values of all pins for a measurement value
of a component were used, since the number of solder pads of each component and
the number of SPI measurement values are different. It has been observed that
the component-based model performs less than the panel-based model, but Random
Forest model succeeds when the model is used for only a certain type of component
such as IC components [24].

The most important advantage of this project from the studies in the literature is
that the model that is developed for defect detection has been trained not only with
measurement values from SPI control machine, but also from SPI, Pre-AOI and Post-
AOI control machines. Thus, the possible problems that may occur in every processes
of production can be learned, and a more accurate defect prediction mechanism can be
achieved. Besides, the datasets in the previous studies could not be labeled precisely
due to the limited data collection system, which allowed the data were labeled only
on panel-based or component-based level. In this project, as a result of preparatory
work done for X-Ray Inspection machine, defects are labeled on pin-based level and
matched with measurement values of other control machines. Consequently, the data

is labeled more precisely, and it is aimed to train a model with higher precision.
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CHAPTER II1

METHODOLOGY AND RESULTS

3.1 A Brief of Main Problem and Target Achievements

While manufacturing PCBAs along the production line, the PCBAs go through many
different critical processes and these processes are controlled by inspection machines
at the control points. As explained in detail in Section 1.3, it is not possible to adjust
the measurement threshold values in control machines to the most optimum value
in order to ensure a perfect control mechanism. Along with that, the measurement
results depend on the decision of the operators at some points. Since all possible
errors cannot be detected by the machines, the produced boards are sampled and
inspected in detail in the X-Ray inspection device. However, the inspected boards
are selected by random sampling, it is possible to miss out PCBAs being not selected
and containing subtle defects which are not determined by the control machines. That
may results dispatching the defective boards without being detected. In this project,
it is aimed to build a neural network model will be trained with the data obtained
by merging measurement values from the control machines and the results in X-Ray
inspection device. In this way, the PCBAs having high probability of failure in X-
Ray inspection according to the measurement values obtained from SPI, Pre AOI and
Post AOI machines will be detected by the model and it will be provided that these
boards are inspected on X-Ray device. Compared to randomly sampling method, the
boards will be sampled in a more rational way, therefore defective boards that may
be dispatched without inspection will be detected and the defects of end products

will be reduced to zero.
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X-Ray inspection devices are more expensive than other control machines due
to their technology and measurement capabilities, and high maintenance costs. In
addition, X-Ray inspection requires more time than other inspections, so these devices
do not take part in the production line and they are used as a separate station in
order not to affect the capacity of the production lines negatively. Factors such as lack
of sufficient number of X-Ray machines due to the excessive cost of X-Ray machines,
increase in maintenance cost due to a need of changing the parts of the machine more
frequently in case of intensive use, cause the produced boards to be tested in the X-
Ray device with less counts. With the aimed model, according to the measurement
values taken at the control points on the production line, the pins that are likely to
be caught as defective in the X-Ray device will be determined and only the boards
with these pins will be tested in X-Ray devices. In this way, the boards without
any problems will be removed, the need for X-Ray machines will be reduced and the
maintenance cost of the existing machines will be reduced by enabling fewer boards
to be tested. Approximately 5% of the cards produced at the Vestel Electronics
Factory, where the project is implemented, are randomly selected and inspected by
X-Ray devices. In addition, if the boards are shipped to another factory and any
defect is detected afterwards, all of the boards in the same shipment are inspected
in X-Ray devices once more. With the proposed model, it is aimed to reduce the
number of sampling in production and to avoid any errors in the shipped boards.

The defects that may occur due to soldering of basic components such as resistors
and capacitors on PCBA are relatively simple and can be easily detected at the control
stations in the production line. However, the solder defects of the components such
as BGA components cannot be caught in these stations because the solder pads are
located under the component, but they can only be examined with X-Ray devices.
Due to this fact, the proposed model will be applied for BGA components that cannot

be fully detected in the production line and need to be inspected in X-Ray device.
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It is aimed to identify all possible BGA components failures and ensure them to be
checked in X-Ray device.

X-Ray control devices can either be a manual type which inspections are performed
visually by an operator, or automated type that defective components are identified
automatically. In the devices that requires manual inspection by a human being, the
operator examines all components one by one and reports the relevant component in
case of a problem. Although the inspection process is carried out by knowledgeable
and experienced operators, a perfect inspection is not possible, minor flaws that the
operator does not notice can be transferred to the next station without reporting.
With the model to be obtained in this study, a system will be developed to identify
the pins and components that are likely to contain failures, and to notify the operator
to carefully examine these components. Thus, the problems that may occur in these

components will be reported and intervened without being unnoticed.

3.2 Collecting Data and Building Dataset

The necessary data for training proposed machine learning models will be collected
from the machines in the production line. It will be implemented on a production
line which is numbered as “Line-1913” in Vestel Electronics PCBA Factory being
located in Manisa, Turkey. 17MB170R4 model panels produced on this line, known
as the motherboard of TVs, will be considered. There are four BGA components
on 17MB170R4 model, and these components are Main Integrated Circuit (IC), two
Random Access Memory (RAM) ICs and one NAND Flash Memory IC components.
Each component on the circuit has a position name. Position names and pin counts
of these components are given in Table 1. Each PCBA has these four components,
17MB170R4 model has three multiplications in a panel, hence a panel has 12 com-

ponents and 3309 pins in total.

30



Table 1: Components on 17MB170R4 model.

’ Component Name \ Position Name \ Number of Pins ‘
RAM IC-1 U110 96
RAM IC-2 U113 96
NAND Flash Memory IC U128 153
Main IC U139 758
Total 1103

The data to be used in this project will be obtained by combining measurement
values from SPI, Pre AOI and Post AOI control machines and results from FVT
stations and X-Ray inspection device. In SPI machine, measurements of different
properties such as area, volume and height are provided for the solder paste on all
pins on the board. The machine assigns numbers to the pins of each component
starting from 1 and increasing by one and records measurement values for each pin
in 7.xml” file format. In Pre AOI and Post AOI machines, measurements such as
offset and angle for each component are obtained on component based and the mea-
surement values for each component are recorded with the position name in 7.xml”
file format. In this project, it is aimed to create a dataset which is pin based, each
record belongs to one pin, in order to encourage the model to learn better and to ob-
tain precise results. For this reason, measurement results of the components obtained
from Pre AOI and Post AOI machines will be replicated to the records of the pins
of each component. The X-Ray device used in the production line is a manual type
device, the operator should check the components visually with the help of X-Ray
beams and detect defective pins and components. X-Ray device can name the pins
of each component on the board by predefined filters. The operator examines BGA
components on 17MB170R4 board, if she does not see any defects, she records the
board as ”"Passed”, which means that there is no defect. If the operator observes a

defect in the pins in any of these components, she reports the board’s serial number
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as well as the position name and the wrong pin names as ”Failed”. All pins that
the operator does not specify are recorded as passed, and the pins whose names are

specified are recorded as failed to the system on pin basis.
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Figure 17: Four BGA type components on 17MB170R4 model.

A software management system that collects data from the machines in production
exists in the factory. In this system, information such as the number of products, the
model ids of produced products, measurement results are collected from all machines
suitable for data acquisition. This data is stored in SQL Server database. Thanks to
this system, the current number of products that have been produced can be tracked
from the dashboard interfaces, line-stops can be automatically recorded, and relevant
staff can be automatically notified by e-mail as long as the problem occurring line-
stop exists. In addition, all measurements and tests performed in production can be
followed and the efficiency of production can be observed. In this system, the data is
collected also from SPI, Pre AOI and Post AOI machines, but these data only includes
the information that the test results of the panels as a whole are passed or failed,
they do not include the measurement values for each pin and component. Within
the scope of this project, it is planned to establish a separate database in order to
record measurement values and to combine them with X-Ray test results. The main

software runs on the server and it collects data from the machines and saves it in the
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database, and this software has been provided to transfer the necessary information
to the new established database for the project purpose.

The main purpose of this database, which was established to create the necessary
dataset, is to record SPI, Pre AOI, Post AOI measurement values on pin basis, label
them with the results from FVT tests and X-Ray tests and obtain pin-based data.
For this purpose, a SQL Server based database containing relational tables has been
established. SPI, Pre AOI and Post AOI measurement results of the panels are
available in MLRecord table, the detailed measurement values of these results for
each pin and component are recorded in MLResult table. There is a unique 1D
number for each component and pins measured, this information is available in Pin
and Component table. Measurement values are transferred to MLResult table using
ComponentID and PinID numbers in these tables. X-Ray results and FVT results
of the boards are acquired from different databases and recorded in XRayResult and
FVTResult table. If a panel completes all its tests, measurement values and test
results are combined using serial numbers and master numbers in SerialNumber table

and transferred to the targeted record table which is PinResult table.

Figure 18: The image of the pins of NAND Flash IC component on X-Ray device.

All required measurement values and test results are recorded in the tables, but
a software is needed to combine this information in the tables and transfer them

to PinResult table. For this purpose, server software has been developed in C#
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language which runs on one of the server computers in the factory. The purpose of
the software is to periodically examine all the tables in the database and to transfer
the measurement results of the boards with all completed tests results to PinResult
table. When a board starts its production cycle and SPI is performed in order to
check solder quality after the solder paste is applied in SP machine, its first record
is transferred to MLRecord and MLResult tables. Since this measurement is made
on a panel specific, its results are moved to the database with its MasterNo number
which is specific to each panel. SerialNo numbers which are specific to each PCBA are
obtained from SAP system according to MasterNo number of the panel and recorded
in SerialNumber table. Afterwards, the board goes through other processes, and
measurement values of the components which are obtained in Pre-AOI and Post-AOI

machines are recorded in MLRecord and MLResult table.
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Figure 19: Diagram that shows relations between tables in the database.
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The boards produced in Line-1913 are randomly sampled and sent to X-Ray in-
spection station. If a board is not inspected in X-Ray device, it is expected that
X-Ray test result will be performed for three days after the first record is entered in
the database. If the board is not sampled during this period and does not take any
X-Ray testing, all records related with its MasterNo and SerialNo are deleted from
all the tables by the server software. If the board is inspected in X-Ray device, these
records from a different database are first transferred to XRayResultTemp and then
to XRayResult tables. X-Ray test results are reported with the pin names as the
machine names the pins, and SPI measurement results are reported with the num-
bering system of the SPI machine. In XRayPinCode table, there are records that
match the naming of the X-Ray machine and the numbering of the SPI machine, so
X-Ray test results are translated according to the numbering in SPI machine and
saved with PinID numbers. The board is transferred to FVT station after X-Ray
testing. In this station, a software is installed on the board and functional tests are
performed. If a problem occurs during FVT, the board is sent to Rework Room for
rework process, then FV'T process is applied again after the rework process. After
successfully completing FVT operations for the board, it passes to the other stations
and the production process is completed. FVT results of the board are transferred
to FVTResultTemp table. If the server software detects a new SerialNo number in
this table, it queries the rework records of this PCBA from ReworkRecord table. If
the PCBA does not have any rework records belonging to BGA components, FVT
results of all BGA components are transferred to FVTResult table with passed label.
If a component has a rework record, FVT result of this component is recorded in
the same table as failed label. Server software periodically checks all tables. If SPI,
Pre AOI, Post AOI, X-Ray and FVT test results of a panel exist, the measurement
results of this panel are combined by the software and transferred to PinResult table.

After merging process, all relevant records belonging to this panel are deleted from

35



the tables.

SerialNumberCheck :  16-12-2020 15:41:17
FvtResultCheck : 16-12-2020 15:41:20
=" | XRayResultCheck : 16-12-2020 15:41:25

\ | DeleteOperations - 16-12-2020 15:41:28
MergeOperations - 16-12-2020 15:41:31
£ | One cycle is completed! :  16-12-2020 15:42:30
SerialNumberCheck : 16-12-2020 15:51:18
FvtResultCheck : 16-12-2020 15:51:22
XRayResultCheck = 16-12-2020 15:51:27
DeleteOperations :  16-12-2020 15:51:30
MergeOperations - 16-12-2020 15:51:33

il One cycle is completed! - 16-12-2020 15:51:37
I SerialNumberCheck - 16-12-2020 16:01:19
FvtResultCheck 16-12-2020 16:01:23
XRayResultCheck @ 16-12-2020 16:01:28

M Loglan Goster

Loglan Temizle

ALLRECORDS

Figure 20: Server software that manages X-Ray database operations.

PinResult table contains measurement values and test results of BGA pins. In ad-
dition, there is MasterNo, PinID, ComponentID information that includes the panel,
pin and component addresses of these pins in the table. While the server software
transfers the results to this table, it also saves these records in the ”.csv” file for-
mat on the computer it is working on. Fach csv file consists of 100000 lines and the

software converts the data into multiple csv files.

MasterCode PinID ComponentId X Y SizeX SizeY Height Avea Volume XOffset YOFfset LongPct ShortPct Bridging XPre YPre AnglePre ProbaPre XPost YPost MnglePost ProbaPost FVTResult XRayResult Tine

D601 1 19670 960 040 040 Of2 O 001 60 004 94D S42 000 003 002 008 000 007 006 000 oo 1 71‘30:;270%8
ZETRRNT 2 195701 040 040 040 O3 O 0@ €00 0@ 606 361 000 03 002 006 000 007 %6 000 oM 1 71130:'5%8
ZETREONST 3 125701 0120 040 040 O O 0@ 0l 03 63 315 000 03 002 06 000 007 %6 000 0M 1 71130:'5%8
26T 4 196700 10440 040 040 Of O 002 601 004 840 170 000 003 002 008 000 A0 A6 om0 o 1 71‘30:-370%8

740200

2367856800001547  § 126701 10520 040 040 043 011 00t €Ot 003 686 337 000 003 -002  -0.08 000 007 -0.06 0.00 0.04 1 1503

Figure 21: Sample records from PinResult Table.

There are 25 columns or features in the dataset obtained. From these columns,
20 columns contain the measurement values taken from SPI, Pre-AOI and Post-
AOI machines. FVTResult and XRayResult columns contain passed / failed result

information of the measurement values. 3086861 lines of data were collected within
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the scope of the project. Of these data, 2831 rows of data X-Ray result failed, the

remaining data are the data of the pins that passed X-Ray result.

3.3 Preprocessing and Sampling Data

As explained in the previous section, data was collected from the machines in the
production for the training proposed machine learning model and 31 csv files con-
taining 100000 lines were obtained. When these files were analyzed by combining
all of them, it was deemed appropriate to remove some columns. Since the collected
data was obtained in about two months, no defective components were observed in
FVT stations during this period. Because FVT results of all records are labeled as
passed and it does not contain meaningful information, this column has been omitted
from the dataset. Although there are models developed using timestamp information
in the literature [24], since a model with time series will not be used in this project,
the column containing record time has also been removed from the dataset. Due to
some problems that may occur during data collection, dataset may contain duplicate
rows which have the same values for all features. Therefore, the cleaning process has
been made so that only the last record will remain from the rows containing the same
values. In X-Ray test results in the database, pins with the passed label are recorded
as 1, and the pins with the failed label are recorded as 3. In order to create reasonable
labels in the dataset for model training, failed labeled records containing a minority
of samples were changed to 1 in the sense of defective, records labeled passed with a
majority of samples were changed to 0 in the meaning of not defective. The resulting
features and variable types are listed in Table 2.

In the models to be discussed, XRayResult feature will be used as output and other
features will be used as input. When the data is classified according to XRayResult
feature, since there is a enormous difference between the numbers of the defective

and non-defective samples, the train-test splitting process was made in a way that
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Table 2: Features and their data types in the dataset.

’ Feature Name \ Data Type \ Feature Name \ Data Type ‘

MasterCode string LongPct float64
PinID string ShortPct float64
ComponentID string Bridging float64
X float64 XPre float64

Y float64 YPre float64
SizeX float64 AnglePre float64
SizeY float64 ProbaPre float64
Height float64 XPost float64
Area float64 YPost float64
Volume float64 AnglePost float64
XOffset float64 ProbaPost float64

Y Offset float64 XRayResult float64

the ratio of the samples from minority class to the samples from majority class is
equal for both training and test datasets. After 80% train-test separation, datasets
with class ratio of 0.00094 were obtained, with 2015 defective, 2141216 non-defective
pins in the training data, 504 defective pin samples, and 535304 non-defective pin
samples in the test data.

After the data was split as train and test data, cleaning operations were applied
as the second step in the training dataset. All of the preprocessing steps that will
be explained hereafter in this section are applied only to training data. Since oper-
ations such as standardization and dimensionality reduction are the operations that
change the characteristics of the data, the same transformations applied in the train-
ing dataset are applied directly to the test data in order to obtain logical results,
and no statistical analysis study has been conducted on the test data to prevent the
model from cheating.

In the training dataset, the samples having missing values were cleaned in the
preprocessing stages at the beginning. Since the rows with too many missing values do

not contain meaningful information, samples containing more than four empty values
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X Y SizeX SizeY Height Area Volume XOffset YOffset LongPct ShortPct Bridging XPre VYPre AnglePre ProbaPre XPost YPost AnglePost ProbaPost XRayResult

count 214 214 214 214 190 190.. 190 190 190 190. 190 190.. 189.. 189 189 189.. 189.. 189 189 189. 214
mean 16124 10153 035 035 013 008 001 0.01 -0.01 4.03 443 000 000 001 015 008 003 003 0.01 0.04 0.00
std 9039 617 004 004 002 002 000 0.02 0.02 317 387 000 004 003 0.15 010 004 005 0.05 0.06 0.03
min 2338 8610 027 027 000 000 0.0 -0.30 033 0.00 0.00 000 -018 014 -0.21 000 016 -0.16 018 016 0.00
26% 5848 0750 035 035 012 007 001 -0.00 -0.02 159 153 000 -002 -003 0.00 001 001 001 0.00 0.01 0.00
50% 160.89 10150 035 035 0143 008 001 0.01 -0.01 3.37 339 000 000 001 012 004 004 004 0.03 0.04 0.00
76% 262.83 10592 035 035 014 009 001 0.02 0.00 517 6.36 000 002 001 031 011 005 006 0.05 0.05 0.00
max 299.01 11242 040 040 048 050 021 032 029 8216 79.23 051 023 014 091 065 016 019 0.16 0.55 1.00

Figure 22: Statistical properties of the features in the training data.

have been removed from the training dataset. After this process, the imputation
process has been applied for the values that are still missing. With this process,
the most common values for each feature, which are statistically called mode, were
used in order to fill the missing values. Afterwards, the standardization process was
applied for each column, and the transformation process was performed such that the

mean of feature values is 0 and the standard deviation is 1.
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Figure 23: Histogram and boxplot graphs of the training dataset after standardiza-
tion.

After the standardization process, it is observed that some features have values
far from the distribution. Therefore, additional preprocessing step was tried on the
dataset to obtain more uniform distribution. For each feature, the values are sorted
in ascending and first and third quartiles are obtained. With the difference between

these two values, the interquartile range (IQR), which is the statistical feature of the
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data was calculated. Samples with values 1.5 IQR less than the first quartile value
or 1.5 IQR more than the third quartile value were removed from the dataset. After
this process, 1258603 non-defective and 1253 defective pin samples were obtained.
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Figure 24: Histogram and boxplot graphs of the training dataset obtained after
removing excessive values.

With the help of this process, more evenly distributed dataset was obtained. How-
ever, although the validation performance was very high when training a neural net-
works model with this dataset, very low values were obtained in test performance.
The reason for this problem is that the information belonging to a significant part
of the data is lost by discarding very high values. The model was not successful in
samples with these values in the test data. Therefore, model training processes were
applied with the dataset obtained without applying this process.

The dataset contains samples from defective and not-defective classes with highly
imbalanced ratio, which may cause the model to overfit in the training process of the
model. There are different resampling methods for imbalanced datasets in order to
acquire more balanced classes. The process of reducing the data of majority class by
sampling is called under-sampling, and the process of reproducing the data of minority
class with different methods is called over-sampling. Both methods have advantages
and disadvantages. The biggest disadvantage of the over-sampling method is that the

model may overfit in the training process with the balanced dataset and it performs
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Figure 25: Boxplot graphics of the Height feature before and after throwing excess
values.

poorly in imbalanced test data. The biggest disadvantage of the under-sampling
method is that the model does not learn the data characteristics as a result of the
loss of important information in the data, and therefore it shows poor performance
in the test data.

In this project, Random Under Sampling, Tomek-Links and Edited Nearest Neigh-
bor under-sampling methods are used to balance the data. In Tomek-Links method,
majority samples that are close to the minority samples are calculated, and the pairs
of minority and majority samples which are called Tomek-Links are identified in the
dataset. If the aim is to reduce the majority class, the majority class samples are
deleted from these pairs, if the goal is to clear the data, the samples belonging to
both classes are removed from the pairs. In Edited Nearest Neighbor (ENN) method,
classes of neighboring samples are checked for each sample. If a sample belongs to
the majority class and the closest neighbors belong to the minority class, this sample
from the majority class is removed. If a sample belongs to the minority class and
the closest neighbors belonging to the majority class, the neighboring samples are
removed. With these methods, it is aimed to make the model perform better by
creating a more reliable and precise dataset by reducing the examples of the majority
class very close to the minority class [29].

In order to observe the effect of under-sampling methods in the resampled dataset,
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Figure 26: The cleaning process of the data using Tomek-Links method. [15]

it is aimed to reduce the dimensions of the dataset to two in order to visualize it.
Dimensionality reduction process is the process applied in machine learning projects
to reduce the data having too many dimensions into less dimensions without losing
too much information. One of the methods with carrying this purpose is the method
called Principal Component Analysis (PCA). This method will be discussed in detail
later in this section and will be used as a data preprocessing method. Training data
was reduced from 20 dimensions to 2 dimensions by PCA method for visualization

purposes.
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Figure 27: Scatter graph obtained by reducing the training dataset in two dimensions.
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Under-sampling methods were applied to the majority class in order to make the
dataset more balanced and increase the model performance. First of all, randomly se-
lected samples from the majority class were removed from the dataset, which is called
Random Under Sampling method. Then, Tomek-Links was found in the dataset and
samples belonging to the majority class were deleted from these pairs. ENN under-
sampling method was applied to clean samples from the majority class, which are very
close to the minority class samples. In this step, while determining the number of
neighbors, trial and error method was applied and 120 neighbors were selected as the
most suitable number of neighbors. Afterwards, Tomek-Links method was applied
once again to clean up the remaining majority classes. Tomek-Links and ENN under
sampling methods are highly computational expensive methods, each sample on the
dataset must be compared with other samples and the distance calculated. Since the
dataset used is relatively large and contains too many dimensions, it is not possible
to apply these methods directly. For this reason, Random Under Sampling method
was applied so the ratio of minority to majority class was increased to 0.002 in or-
der to reduce the samples in the dataset. After all under-sampling methods applied,

2141216 majority samples were reduced to 792984 samples.
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Figure 28: Scatter graph of the training dataset after applying resampling methods.
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Having too many dimensions in the dataset used for training in machine learning
models may cause some problems. When the dataset has too many dimensions, the
space that samples composed of becomes sparse and the number of samples required
for the model to learn the data increases exponentially, this problem is also called
Curse of Dimensionality in statistics [30]. There are methods to eliminate some
features or obtain new enhanced features in order to reduce the number of input
features, i.e. the size of the data. The most common technique among these methods
is PCA method. The aim of the PCA method is to obtain fewer dimensions which
are independent of each other with high variance. For this purpose, normalization
process is performed in all dimensions first. Then the covariance matrix is calculated
by Formula 1 and the eigen vectors and eigen values of this matrix are calculated
[31]. Eigen vectors are ordered in descending order according to their eigen values,
and the projection of the data on these vectors is calculated by taking the number of

k largest eigen vectors and reduced to the data into k dimensions.

n

L (X X)) )

=1

Cov(X,Y) =

n —

PCA method was applied to the training data which the missing values and du-
plicate rows were omitted first and then the standardization process was applied.
By taking the first 13 vectors from eigen vectors, 94.74% of the data variance was
covered. Three different datasets were obtained as a result of data preprocessing
methods. In the first dataset, only imputation and standardization processes were
applied. The second dataset was obtained by applying under sampling methods to
the samples in the first dataset. The third dataset was constructed by reducing the
dimensionality in the first dataset from 20 to 13 using the PCA method. When these
datasets are used in the training of a neural network model, it is observed that the
best test performance was obtained in the first dataset. Therefore, the models to be

discussed in the next sections were trained on the first dataset.
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MasterCode  PinID ComponentID pca @ pcal pcad pald pad pa paab pca? paa8 pcad pea 10 pea 11 pea 12 XRayResult

2366459000000016  2461.00 100 025 089 -005 070 -044 -089 011 008 -005 186 08 021 030 0.00
2339695200002466  208.00 00 010 113 183 0 07 02 066 14 023 028 02 019 080 0.00
2363860300002308  528.00 400 054 050 010 030 -103 -052 002 017 005 034 120 076 028 0.00
2363859900002272  2451.00 100 -012 74 068 032 087 088 057 02 034 02 044 0% 176 0.00
2362083200001366  2740.00 1200 475 047 017 092 014 068 036 034 041 04 L4 132 05 0.00

Figure 29: Sample rows from the third dataset which is obtained by PCA method.

3.4 Machine Learning Models

Due to predicted test results in X-Ray inspection device by analyzing measurement
values from SPI, Pre-AOI and Post-AOI control machines, machine learning models
will be examined in this section. As explained in the previous section, all models will
only be trained on the first dataset which is created by imputation and standardization
preprocessing steps.

The most important characteristic of the dataset being constructed with mea-
surement values collected from the machines is imbalanced class distribution. In
imbalanced datasets, unlike other datasets, additional attention is required at every
stage of training and testing to ensure that the model is not overfitted or not trained
with insufficient data. One of the most important factors when training a model in
imbalanced datasets is the key metric. If inappropriate key metric is selected to eval-
uate the model, the model may seem as successful, but its actual performance may be
too poor. The formula for accuracy term which is commonly used in model trainings
is given in Formula 2. For instance, if the accuracy is selected as the performance
criterion for the first dataset and the model outputs non-defective class to all samples
without any estimation, the accuracy is calculated as 99.9%, which shows that the

accuracy is not a correct metric for this case.
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TP+ TN
TP+TN+ FP+ FN

Accuracy =

(2)

There are many metrics to measure the actual performance of the model in imbal-
anced datasets, the most basic metrics are precision and recall metrics. The precision
is a measure of how accurate the samples are found to be positive; the recall is a
measure of how well the model can detect samples that are actually positive. It is
aimed to identify all defective examples by the model in this study. If the model
outputs defective label for non-defective samples, these samples are examined by the
operator and they are reported as non-defective by the operator and the boards are
sent for the next operations. However, if the model classifies defective samples as non-
defective, these boards are transferred to the next stations without being detected.
Thus, the desired behavior of model is having performance with high recall value. It
is not sufficient if just recall value is high, because if the model outputs all samples
as defective without any learning, 100% recall is obtained, but it cannot be said to
be a successful learning. For this purpose, key metrics which recall is prior metric,
but precision is also important should be preferred. The metrics that meet these
conditions are F2-score and Precision-Recall Area Under Curve (PR-AUC) metrics.
Precision, recall and F2-score can be calculated with Formula 3, 4 and 5 [32]. While

the models are being trained, PR-AUC metric will be considered as the main metric.

TP
Precision — — 1L
recision = oo p (3)
TP
ll = ————F— 4
Reca TPLFN (4)

5.Precision.Recall
F2 — =
Score 4.Precision + Recall (5)
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Four type machine learning models will be examined, these models are Random
Forest, Multi-Layered Perceptron (MLP), Decision Tree and Neural Networks (NN).
The main purpose of this study is to examine the performance of neural network
models when predicting X-Ray results and to develop an appropriate model. For this
reason, model training will be applied with few parameters in Random Forest, MLP
and Decision Tree models due to benchmark with developed models. For NN model,
different model parameters and the effect of these parameters will be examined. While
evaluating model performances, the training data will be divided into five folds with
K = 5 by K-Fold Cross Validation method, and the training on four parts and the
validation on one part will be applied. Afterwards, PR AUC metrics on the test data

will be compared with the model parameters that performs best learning.

All Data

Training data Test data

Fold1l || Fold2 || Fold3 | Fold4 || Fold5 |7\

spit1 | Fold1 || Fold2 || Fold3 || Fold4 | Folds |

spit2 | Fold1 || Fold2 || Folds || Foda || Folds |

- ) > Finding Parameters
Split3 | Fold 1 || Fold2 Fold 3 | Fold 4 Fold 5

Spit4 | Fold1 || Fold2 || Fold3 || Folda || Folds

Spits | Fold1 || Fold2 || Fold3 || Foda || Folds |/

Final evaluation { Test data

Figure 30: The evaluation of model performance by K-Fold Cross Validation. [16]

3.4.1 An Introduction to Neural Networks

Neural Network (NN) model is a mathematical model that imitates the working
principle of the neurons in the human brain. The first neuron, or namely perceptron,
developed by Frank Rosenblatt (1958) was used for a pattern recognition task [33].
It is known that the signal received from the dendrites of a neuron are transmitted to

the next neuron if it exceeds a certain threshold value. Signal transmission between
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neurons occurs through spaces called synapses, and these spaces allow different signals
to be transmitted to the cell by weighting them. Neurons work according to the all
or nothing law, i.e. if the incoming signals exceed the threshold value, they transmit

a signal to the next neuron, otherwise they do not allow the signal to pass.

Inputs Weights
. -
g
o ——{u .
N Activation
T function
X, 4{%} z a
~— a

Figure 31: A diagram that shows mathematical model of a perceptron. [17]

According to this working principle, it is possible to create mathematical model
of a perceptron as in Figure 31. In this model, input values indicated by x; are
multiplied by the weight coefficients indicated by w;, and z variable is obtained by
summing them with the parameter called bias. This part of the model is similar to
the transmission of signals from the synapse to the neuron. The summation is passed
through the activation function, so if z value is above a certain threshold value, an
output arises. A signal obtained at the output of the neuron can be calculated by the

following formulas [17]:

z:ZWixi+b:ZM/ixi:WTx (6)
i=1 i=0
1 ¢g>0
o(q) = (7)
0 g<0
a=oc(W'z) (8)
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Sigma is a step function as the activation function in these formulas. Although
perceptron model is successful in classifying data that can be separated linearly, it
cannot classify more complex data where the decision boundary is not linear. Nonlin-
ear activation functions are preferred to classify such datasets. Besides, multi-layered
neural network models with multiple layers are preferred in order to achieve better
results with more adjustable parameters. Frequently used nonlinear activation func-
tions are Sigmoid, Tanh, Rectified Linear Unit (ReLU) and Leaky ReLU functions.

The plots of these functions can be seen in Figure 32.

Tanh RelLU

Sigmoid

: ax(0,z
tanh(z) max(0,2)

v

v

Figure 32: The plots of frequently used activation functions. [18]

In neural networks in which multiple layers with many neurons exist, the first
layer is the input layer, the last layer is the output layer, and the intermediate layers
are called the hidden layers. In these models, classification of a sample of the model is
performed with the following steps. Each feature of the data represents a neuron in the
input layer, the values of these features are multiplied by the weight coefficients and
summed with the bias. The resulting total is passed through the activation function
and the output is obtained. After performing these operations for all neurons in the
first hidden layer, operations are performed for the other layers in such a way that the
input layer is the output layer of the previous neuron and the output is acquired in the
output layer. This process is called forward propagation. The difference between the
expected value of the model in response to an input and the actual value of the model

output is called an error. Different cost functions are available to calculate this error.
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A model is desired to output with the least error, so it is aimed to minimize the cost
function. For this reason, the gradients of the cost function are calculated from the
last layer to the first layer and the weight coefficients are updated by multiplying the
gradients with a coefficient. This process is called back propagation. The structure

of the multi layered neural network model is shown in Figure 34.

Mddcn layers
NS
} <7 \'

output layer

mput layer

Figure 33: A scheme that explains the architecture of multi layered neural networks.
[19]

Supervised machine learning models are generally used for classification and re-
gression purposes. While the aim of regression models is to estimate the value of a
continuous variable, the classification models are intended to estimate the value of
the variable with discrete values or to determine the class of a sample. Different cost
functions are used according to the main purpose of the model. While Mean Squared
Error (MSE) is generally preferred in regression models, Log Loss functions are pre-
ferred in classification models. In this project, Binary Cross Entropy Loss (BCE
Loss) function has been chosen as the cost function. This function is calculated by

the formula below [34]:

Hy(a) =~ D s log(p(ye)) + (1~ :). log(1 — p(u) 0
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In this formula, y; is the label or expected value and p(y;) is the predicted proba-
bility as actual value for the output of the model. After the cost function is chosen,
an optimizer that updates the model parameters is determined due to minimize the
cost function during training process. The commonly preferred optimizer is Stochas-
tic Gradient Descent (SGD). In this method, the cost function is calculated for each
sample in the data and the necessary gradients are calculated to minimize the cost,
then the model parameters are updated by multiplying with learning rate. Since this
method updates the model parameters for only one sample at a time, it causes a
noisy training process, which means it can be stuck at the local minimum point in
the error function. As a solution, instead of training with a single sample one by
one, samples are given to the model in groups called batches and the parameters
are updated in this way. This method is known as Mini-batch Gradient Descent.
One disadvantage of this method is that the same learning rate is used for all model
parameters. Adaptive Moment Estimation (Adam) method allows using a separate
learning rate for each parameter [20]. It also performs an update process by using
the gradient values of the parameters in the previous iterations, thus the error value
reaches to its global minimum without being stuck in the flattened areas in the error
function. Although both SGD and Adam optimizer are examined in this project,

Adam optimizer is mostly preferred because of giving better performance.
3.4.2 Pin Based Models

With this type of model, it is aimed to accurately predict X-Ray analysis results with
pin-based measurement values. For this purpose, MasterCode, PinID and Compo-
nentID features that include unique id numbers and do not contain any numerical
meaning are removed from the dataset. In this model, 20 measurement features which
are gathered from SPI, Pre-AOI and Post-AOI machines are chosen as input features

and XRayResult feature which includes the results of the X-Ray test is chosen as an

o1



10t MMIST Multilayer Meural Network + dropaut

—  AdaGrad
— RM5Prop
— SGDMesterov
— AdaDelta
Adam

E
2 (T
5 Mu"-",f':'-, VR
. i o,
M I"f**m
il S0 100 150 200

itarations ower entire dataset

Figure 34: The cost curves of different optimizers on MNIST dataset. [20]

output. It is aimed to use Random Forest, MLP, Decision Tree and NN algorithms

for this model.

XY SizeX SizeY Height Area Volune Xoffset VOffset LongPct ShortPct Bridging XPre YPre AnglePre ProbaPre XPost YPost Angleost ProbaPost XRayResult
0148 032 214 214 015200 208 08 186 155 098 000 039 048 0% 072 1B (Y 121 06 000
1 0% 032 204 204 100212 A8 02 0% A0 081 000 220 055 088 268 4 04 Q4 DU 000
2 1% 42 007 007 089 030 04 04 4Bt 1% 028 000 036 073 020 1 074 27 20 0 000
3148 006 214 214 76 2% 483 088 12 0% 00 000 482 378 A% 0% 02 0B 013 Q0 000
4447 143 007 007 A0 044 048 A% 43 007 02 000 184 0 13 04 078 055 000 04 000

Figure 35: Sample records from the dataset for pin based models.

Random Forest algorithm is an ensemble algorithm and it contains more than one
tree models. Each tree gives an output by evaluating the input features and all models
are provided to give a single output by evaluating the outputs of the trees. In this
study, Random Forest models are trained by using different values for the number
of estimators, number of maximum depth and splitting criteria, the other model

parameters are left in their default values. Different values are chosen for these three
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parameters and the performances of all parameter groups were obtained with Grid
Search algorithm. The performed parameter values are shown in Table 3. At the end
of this experiment, it is observed that the separation criterion ”Entropy” performed
better than ”Gini” criterion. Increasing the number of estimators also increased the
performance of the model. Although raising the maximum depth also increases the
model success, the model performance did not increase in the models with a depth of
more than 50. The parameters which performed the best performance are shown in
Table 3. With these parameters, 0.9184 PR AUC for average was achieved during

training, and 0.9230 PR AUC was obtained in the test data.

Table 3: Grid Search parameters for pin based models.

’ Random Forest

Estimator Size Maximum Depth Splitting Criterion

Parameter

Options 10, 30, 50 10, 50, 100 Gini, Entropy
Best
Parameters o0 50 Entropy
| MLP
Hidden Layers | Activation Function | Learning Rate Type
Parameter | [10,20,5], [20,30,10], .
Options 130,60,20) Tanh, ReLU Constant, Adaptive
Best .
Parameters [20,30,10] ReLU Adaptive
| Decision Tree
Maximum Depth Splitter Splitting Criterion
Parameter .
Options 10, 20, 40 Best, Random Gini, Entropy
Best
Parameters 40 Best Entropy

93



MLP algorithm is a machine learning algorithm that contains multiple hidden lay-
ers which contain multiple neurons and the neurons in these layers are fully connected
to each other. Each layer output is passed through a nonlinear function called the
activation function, thus complex models are obtained, and complex data character-
istics can be understood. In order to determine the best parameters and achieve the
highest success in MLLP model, different values for number of neurons, type of learning
rate and activation functions are selected and K = 5 Cross Validation is applied for
all parameter groups. The performed values for these parameters are given in Table
3. Increasing the number of neurons in the hidden layers positively affected the model
performance. ReLLU and Tanh functions showed similar results for PR AUC score.
The parameters with the best score are shown in Table 3. With these parameters,

PR AUC value of 0.9094 was obtained in the test data.

Figure 36: Visual scheme of Pin Based-v2 Decision Tree Model.

Decision Tree algorithm is a model with a tree structure consisting of multiple
branches and leaves. It is an algorithm that determines rules in a way that minimizes
the entropy of the data in each cluster of each branch and separates all samples in the
data. Its biggest advantage over other models is its observability. After the model
training, the tree structure can be expressed visually, and the rules derived by the

model can be observed. The disadvantage of this model is that if there are too many
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branches and leaves, the model may become complicated and the test performance
may decrease. Another parameter which affects the model performance during train-
ing is the approach used during splitting called splitter. If this parameter is chosen
as "best”, the feature which provides the best splitting is chosen. If "random” is
selected, splitting is done with a feature chosen randomly from the best features. In
this project, the maximum depth, splitter and splitting criterion parameters for the
pin-based model are used, other parameters are left as default. Parameter values
used in training are given in Table 3. As a result, it is seen that ”Entropy” criterion
performed better than ”Gini” criterion. Using the ”"best” approach in the splitting
approach gave better results. Although different values of the maximum depth num-
ber give close results, the best result is obtained with max depth as 10. The best
parameter groups are explained in Table 3, the model with these parameters achieved

0.8899 PR AUC in the test data.

Table 4: Test performances of pin based models.

\ Model \ PR AUC \ F2-Score \ Recall \
Random Forest 0.9230 0.8906 0.8690

MLP 0.9094 0.8740 0.8512
Decision Tree 0.8899 0.8840 0.8651

Neural Networks model is a model that includes many different structures such as
Recurrent Neural Network (RNN), Convolutional Neural Network (CNN), including
MLP model. In this study, a feed forward neural network model will be developed
similar to MLP, and different experiments will be performed to increase the perfor-
mance of the model. In order to compare the performance of previous models, the
training process in Random Forest, MLP and Decision Tree algorithms has been car-
ried out by using built-in functions and default parameters from ”sklearn” library. In
NN model, "pytorch” library, which allows the development of custom modules for

more manipulation and adjustment to the algorithm, was preferred.
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NN model is a feed forward neural network model that generally consists of more
than one layer, contains many neurons in each layer, and allows neurons to output
with certain threshold values by the activation function at each layer output. In the
training process, samples in the dataset are given as input to the model and an output
is provided. Then, with a predefined loss function, the error between the expected
output of the model and the actual output is calculated. In order to minimize this
error, the necessary model parameters are calculated by going from the output layer
to the input layer and the model parameters are updated. If there are too many
neurons or layers in the model, that is, when the complexity of the model increases,
the validation performance of the model increases during training, but the test per-
formance decreases at the end of the training, this is known as overfitting. There
are different regularization methods to prevent this problem, one of these methods
is dropout method. In dropout method, randomly selected neurons at some ratio
determined for each layer are inactivated during the training process and prevented
from giving output. In this way, training process takes place with a smaller number
of neurons in each iteration and overfitting of the model is prevented. During the
validation and test steps, the dropout is removed, and all neurons are allowed to
output. Another factor affecting the model performance is the initial values of the
weights of the neurons. If the value range of the initial values of the weight coeffi-
cients is chosen too narrow, the model weights start training with very close values
and low performance is observed. If the initial range of the weights is chosen too
wide, a problem called vanishing gradient can be seen in the neurons that receive
randomly large values and causes an unsuccessful training due to the increase in the

model output. Weight coefficients by default in Pytorch library,
1 1
Y LG ’ V LG

It takes value in its range [35]. In this formula, L;, is number of input neurons in

[ ] (10)

the hidden layer. Xavier et al (2010) suggested the following initial range that allows
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the model to converge better [36]:

[ V6 V6
\/LG + Lout’ \/Lm + Lout

In which L;, is the number of input neurons and L,,; being the number of output

] (11)

neurons in the hidden layer. In the developed module, the number of hidden layers
and neurons, activation functions of the model, dropout feature are provided to be
adjustable. Default value, Xavier initial value and Kaiming initial values were chosen
as the initial values of the weight coefficients in the module.

The performance of NN model depends not only on the model parameters but
also on the hyperparameters which affect the training of the model. For instance,
if the learning rate is set too large for updating the weights during the training, an
unstable learning occurs, the model converges to a local minimum or not at all. If
it is adjusted as too low, unsuccessful learning occurs and the training is completed
without learning much from training set. Learning rate is kept as adjustable in the
developed training module. In addition, training with a high learning rate in first
epochs and lower learning rates in following epochs is allowed. Early stopping feature
has been added because the performance decreases when the number of epochs is too
high and the model repeats over the training set too much.

Many different issues to be considered during training on imbalanced dataset.
To illustrate, for a successful performance measurement, it should be ensured that
the samples belonging to the minority class in K-Fold Cross Validation method are
equally distributed among all folds. If the dataset used is too large and the training
set will be divided into mini batches and training process is applied with more than
one iteration, the distribution of minority samples in batches can be problematic. In
the experiments performed, low performance was observed for the training performed
with the method in which the minority samples were not evenly distributed, but
randomly distributed. For this reason, a sampler module has been developed and

implemented to determine the distribution of batches in each epoch. In this module,
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the number of batches and the number of minority samples required in each batch are
determined. Another parameter of the module is the priority of the majority class.
If this parameter is set to True for the majority class to have priority, the iteration
continues until all the majority samples in the dataset are passed over, while the
minority class is used completely, the same minority samples are reused again. If this
parameter set to False, the iterations end when all minority samples are used. In the
studies conducted, it was observed that the models trained by selecting the majority
class with priority showed better performance. In this way, minority samples were
randomly re-selected and a procedure similar to the Random Over Sampling method
is applied.

Four different model parameters and hyper parameters were chosen for Pin Based
NN model. The most successful model performs 0.8711 for PR AUC metric in the

test dataset. Parameter values of these models are included in Table 5.

Table 5: Model parameters for Pin Based NN Model.

’ | Models ‘
Model-1 Model-2 Model-3 Model-4
Hidden Layers (32,64,16,8] | [32,64,16,8] | [32,64,16,8] | [32,64,16,8]
Activation Function ReLU ReLU ReLLU ReLLU
Initialization Kaiming Kaiming Kaiming Kaiming
Dropout False False False False
Drop Ratio 0 0 0 0
Optimizer Adam Adam Adam Adam
Batch Size 1024 1024 512 2048
Minority Size 128 128 128 256
Learning Rate 0.001 0.01 0.01 0.01
Weight Decay 0 0.001 0.001 0
Early Stopping True True True True
Test PR AUC Score 0.8557 0.7874 0.7453 0.8711
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The most successful model for PR AUC score among pin based models is Random
Forest model and best PR AUC score is 0.9230. However, recall value for this model
and other pin based models remained very poor compared to NN models. Since
this study focuses on determining all possible defects in the dataset and obtaining
high recall value, the best recall value is obtained as 0.9544 with four-layered NN
model which is named as Model-4. The Loss - Accuracy graph and confusion matrix
obtained in the training of this model are shown in Figure 37 and Table 6. As seen
in this model, increasing the batch size and the number of minority samples in the
batch increased the model performance.

Loss vs Accuracy
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Figure 37: Lost-Accuracy plot of the training of Model-4.

Table 6: Confusion matrix for test performance of Model-4.

’ | Prediction ‘

’ Real \ Negative \ Positive ‘
Negative | 531219 4085
Positive 23 481
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3.4.3 Pin Based-v2 Models

Unlike the previous model, ComponentID feature has been added to the input features
in this type of model. ComponentID is a property that indicates which component
a sample pin belongs to. For 17TMB170R4 panel, there are 12 different components
in the panel, with four BGA components in each PCBA, so ComponentID feature
consists of integer values between 1 and 12.

When determining input features in machine learning models, features containing
reasonable numerical features can be directly given as input to the model. However,
features that do not represent a meaningful value and contain discrete values are
called categorical features and require preprocessing before being input to the model.
Two preprocessing methods are applied to such categorical features, named as La-
bel encoding and One-hot encoding methods. Label encoding method is applied to
categorical features that have meaning such as more-less or good-bad, which contain
a certain amount of semantics. Since ComponentID feature does not contain such
a meaning, 12 features have been transformed with One-hot encoding method, with

one feature as 1 in each sample and the other features being 0.

XPost YPost Angleost ComponentID 8 ComponentID_1 ComponentID_2 ComponentID 3 ComponentID 4 ComponentID S ComponentID 6 ComponentID 7 ComponentID8 ComponentID 3 ComponentID 10 ComponentID 11
15 0% 12 000 000 000 000 000 000 000 000 000 000 100 000
Q48 M 000 000 100 000 000 000 000 000 000 000 000 000
074 278 280 0.00 000 0.00 100 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
12 4% 013 0.00 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 100 0.00

078 0% 080 0.00 0.0 0.0 0.0 0.0 0.0 0.00 0.00 0.0 0.0 0.0 100

Figure 38: Sample records from the dataset for pin based-v2 models.

Similar to the first model, Random Forest, MLP, Decision Tree and NN algorithms
were used in this model. Grid Search algorithm is applied for each model by taking

the parameter values used in pin based models and these values can be seen in Table
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3. In Random Forest model, the model consisting of 50 estimators showed the best
performance, this model achieved average 0.9194 PR AUC score during training and
0.9236 PR AUC in test data. In MLP model, the model with three hidden layers of
30, 60 and 20 neurons showed the best success with 0.9031 PR AUC in test data.
Adam optimizer is used as optimizer in all MLP models. In Decision Tree model, the
model with a maximum depth of 10 performed the best success. A structure with
10 depth and 113 leaves is obtained in this model and 0.8835 PR AUC is achieved.
The parameters of Random Forest, MLP and Decision Tree models which perform

the best success are given in Table 7.

Table 7: Best parameters for pin based-v2 models.

Random Forest

Estimator Size Maximum Depth Splitting Criterion

50 50 Entropy
| MLP |
Hidden Layers | Activation Function | Learning Rate Type
[30,60,20] Tanh Constant
Decision Tree
Maximum Depth Splitter Splitting Criterion
10 Best Entropy

Table 8: Test performances of pin based-v2 models.

’ Model \ PR AUC \ F2-Score \ Recall ‘

Random Forest 0.9236 0.8910 0.8690
MLP 0.9031 0.8635 0.8413
Decision Tree 0.8835 0.8847 0.8651
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In Pin Based-v2 NN model, since the number of input features increased compared
to the first model, the models are chosen so that there would be more neurons in the
first hidden layer. In this model, training is performed with seven different models
and hyper parameters, and the model parameters and performances can be seen
in Table 10. As is seen, adding dropout to the model increases the performance.
When comparing Model-1 and Model-2 models, adding dropout increased the model
performance by 4%. Comparing Model-2 and Model-4, it has been observed that
ReLU activation function is more successful in this dataset than Rectified ReLU
function. From Model-5 and Model-6, it is seen that increasing the batch size and
learning rate at the same time increased the model performance by 12%.

The model with the highest PR AUC score among Pin Based-v2 models is Random
Forest model with 0.9236 PR AUC but this model performed insufficiently with 0.8690
recall score. However, four-layered NN model named Model-2 achieved the highest
success with a value of 0.9025 PR AUC and 0.9583 recall score. This model has
proven that dropout is an important regularization method that improves model
performance. The loss-accuracy graph and confusion matrix of the model predictions

are as follows.
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Figure 39: Lost-Accuracy plot of the training of Model-2.
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Table 9: Confusion matrix for test performance of Model-2.

’ | Prediction ‘

’ Real \ Negative \ Positive ‘
Negative | 531532 3772
Positive 25 479

Table 10: Model parameters for Pin Based-v2 NN Model.

| Models ‘
Model-1 | Model-2 | Model-3 | Model-4 | Model-5 | Model-6 | Model-7
Hidden | [64,32, | [64,32, | (64,32, | [64,32, |[32,64, |[32,64, | [128,64,
Layers 32,8] 32,8] 32,8] 32,8] 16,8] 16,8] 32]
Activation Leaky Leaky
Function ReLU ReLU ReLU ReLU ReLU ReLU ReLU
i?olfllahza- Kaiming | Kaiming | Kaiming | Kaiming | Kaiming | Kaiming | Default
Dropout | False True False True False False False
Drop Ra- | , 0.2 0 0.25 0 0 0
tio
Optimizer| Adam Adam Adam Adam Adam Adam Adam
Batch 1024 1024 1024 1024 1024 2048 1024
Size
Minority | | oq 128 128 128 128 256 128
Size
Learning |, 551 | 0001 0.001 0.001 0.001 0.005 0.005
Rate
Weight |, 0 0 0 0 0 0
Decay
Early . True True True True True True True
Stopping
Test PR
AUC 0.8622 0.9025 0.8291 0.8641 0.7777 0.8963 0.8808
Score

3.4.4 Component Based Models

The main purpose of this model is to evaluate the pins belonging to the same compo-

nent together and to predict the result of X-Ray on component basis, assuming that

a problem that may occur in soldering component will be seen in all pins. Thus, all
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pin records belonging to a component are grouped and virtual features are examined.
In the dataset, ComponentID property shows that each pin belongs to which compo-
nent. However, since there are different pin measurements of the same ComponentID
and different panels, all pin samples are grouped by MasterCode and ComponentID
columns. Afterwards, min, max, mean and standard deviation values of pin measure-
ments for each feature were found for each group and a total of 80 virtual features
were obtained.

(XPost, (XPost, (XPost, (XPost, (YPest, (YPost, (YPost, (YPost, (AnglePost, (AnglePost, (AnglePost,

min) max ) mean) std) min}) max ) mean) std) min) max ) mean)
-1.27 -1.27 -1.27 0.00 -1.14 -1.14 -1.14 0.00 -0.68 -0.68 -0.68
-1.99 -1.99 -1.99 0.00 -1.73 -1.73 -1.73 0.00 -1.24 -1.24 -1.24
-0.01 -0.01 -0.01 0.00 -0.10 -0.10 -0.10 0.00 0.29 0.29 0.29
0.12 0.12 0.12 0.00 0.01 0.01 0.01 0.00 0.40 0.40 0.40
-1.50 -1.50 -1.50 0.00 -1.33 -1.33 -1.33 0.00 -0.86 -0.86 -0.86

Figure 40: Sample records from the dataset for component based models.

Similar to the previous models, Grid Search algorithm was applied with the model
parameters in Table 3, and the parameter values different from the best parameters
obtained in pin based-v2 model showed the best results in component based models,
these parameters are included in Table 11. In Random Forest model, the model
with 30 estimators performed the highest score in validation with 0.6878 PR AUC,
but it succeeded 0.4920 PR AUC in test data. The most successful three-layered
MLP model achieved 0.4652 PR AUC in test performance. In Decision Tree model,
the model with depth of 40 and 83 leaves and ”Gini index” as the splitting criterion
obtained 0.3126 PR AUC.

Since this model has 80 input features and has much more input dimensions than
other models, models with more layers and numbers of neurons are preferred. In
models trained with four different parameters, it was observed that the high number

of layers did not improve the model performance much. Apart from that, when the
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Table 11: Best parameters for component based models.

Random Forest

Estimator Size Maximum Depth Splitting Criterion

30 50 Entropy
MLP |
Hidden Layers | Activation Function | Learning Rate Type
[10,20,5] Tanh Constant
Decision Tree
Maximum Depth Splitter Splitting Criterion
40 Random Gini

Table 12: Test performances of component based models.

\ Model \ PR AUC \ F2-Score \ Recall \
Random Forest 0.4920 0.4144 0.3846

MLP 0.4652 0.4891 0.4615
Decision Tree 0.3126 0.3298 0.4872

models are compared, it has been observed that better performance is obtained in
models with more minority samples in batches.

Five-layered NN model with 0.5486 PR AUC score showed the best performance
among Component Based models. All Component Based models showed lower per-
formance than Pin-Based and Pin Based-v2 models. One of the significant reasons
for this situation is that there are not too many data on the basis of components in
the collected data. After grouping by MasterCode and ComponentID features, 9634
non-defective and 78 defective samples were obtained in the training dataset, 9654
non-defective and 39 defective samples in the test dataset. Since the dataset contains
very few data, the models could not learn sufficiently. In addition, pin-based X-Ray

test results were used while labeling samples during data collection. In component
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Table 13: Model parameters for Component Based NN Model

| Models ‘

Model-1 Model-2 Model-3 | Model-4
Hidden Layers | [128,64,32,16,8] | [128,64,32,16,8] | [128,64,32] | [32,16,8]
Activation ReLU ReLU ReLU | ReLU
Function
Initialization Kaiming Kaiming Kaiming | Kaiming
Dropout True True False False
Drop Ratio 0.4 0.5 0 0
Optimizer Adam Adam Adam Adam
Batch Size 64 64 64 64
Minority Size 16 8 8 16
Learning Rate 0.001 0.001 0.0001 0.005
Weight Decay 0 0 0 0.001
E.a rly Stop- True True True True
ping
Test PRGIHC 0.5487 0.3693 0.4325 | 0.4508
Score

samples.

Table 14: Confusion matrix for test performance of Model-1.

’ | Prediction ‘

’ Real \ Negative \ Positive ‘
Negative 9614 40
Positive 13 26

66

based approach, while labeling is performed after the grouping process, if there is
any defective pin record of a component, that component is deemed to be defective.
In this case, components with a small number of defective pins and having all other
pins are normal but are labeled as defective cause the model not to learn the data

accurately, since even the min, max, mean and std values are close to non-defective



Loss vs Accuracy

10 = Loss

— AUC

Score

0 500 1000 1500 2000 2500 3000
Iterations

Figure 41: Lost-Accuracy plot of the training of Model-1.
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CHAPTER IV

CONCLUSION

4.1 Discussion

Machine learning models were constructed using three different models and four dif-
ferent algorithms and trained each model in Chapter 3 for the prediction of X-Ray
test results with the measurement values taken from SPI, Pre-AOI and Post-AOI
machines. It has been observed in the studies that the most successful model for
both PR AUC and recall scores is four-layered Pin Based-v2 NN model. This model
achieved 0.9025 PR AUC, 0.95 Recall and 0.38 F2-Score in the test data. Between pin
based models, Random Forest model achieved the highest PR AUC score with 0.9230
value but its recall performance remained poor with 0.8690 score. On the other hand,
four-layered Pin Based NN model also achieved high success with 0.8711 PR AUC
score and 0.9544 recall score. The highest performance was obtained in component

based models with 0.5487 PR AUC and 0.7179 recall value in five layered NN model.

Table 15: Model parameters of the best performing model without Grid search.

’ Pin Based-v2 NN Model ‘

Hidden Layers [64,32,32,8] Batch Size 1024
Activation Function ReLLU Minority Size 128
Initialization Kaiming Learning Rate | 0.001
Dropout True Weight Decay 0
Drop Ratio 0.2 Early Stopping | True
Optimizer Adam PR AUC Score | 0.9025

The reason that the performances of the component based models are lower than
the other two models is the data obtained after grouping operation was insufficient for

model training since there were not enough measurements from different components

68



in the data. In addition, in this model, the component with defects in any of the pins
was labeled as defective while creating the dataset, even though the measurement
values of all other pins were close to non-defective pin measurements, which caused
the dataset to have a noise structure and affected the performance.

begin
first k thresh < 0.75
all k thresh +— 0.80
best score «— 0
for parameter in parameters do
val list «— empty list
fork=1to 5 do
train(model)
score «— validation(model)
val_list.insert(score)
avg «— mean(val list)
if (k=1 and avg < first k thresh) or
(k=1 and (avg < all k thresh or avg < best_score))
break
end if
end for
if avg = best_score
best_score «— avg
end if
end for
end

Figure 42: Pseudo code that explains Grid search algorithm.

It has been observed that the best successful model is Pin Based-v2 NN Model,
but this model may not have the optimum parameters. In order to find the optimum
parameters of the model, a Two-Stage Grid Search algorithm has been applied. At
the first stage, all parameter values that had good performance in previous trials were
taken. Average PR AUC values were obtained for each value of the parameters with
K = 5 K-Fold Cross Validation method. In order for Grid search to give faster results,
training was stopped before five iterations were completed for the models with low
performance in the first iterations and it was passed to the next parameter group.
A total of 1152 models were trained for different parameter values and the average

scores were recorded. At the second stage, the first 50 parameter groups with the
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Figure 43: Lost-Accuracy plot for the model with best parameters.

highest value of PR AUC above 0.85 in the first phase were trained to complete all
iterations for K = 5 and the parameters with the highest performance was chosen. As
the last step in the model with the most optimum parameter values, training process
with five epochs was applied by passing over all training data. The obtained model

has achieved 90.62% success for PR AUC metric.

Table 16: Parameters values chosen for Grid search.

] \ Parameter Options \ Best Parameter \
Hidden Layer | [128, 64, 32], [32,64,16,8], [32,64,32,16,8] [128,64,32]
Drop Ratio 0.0, 0.2, 04 0.2
Initialization "default”, "he” " default”
Optimizer Adam, SGD Adam
Batch Size 2048, 1024 1024
Minority Size 128, 256 128
Learning Rate 0.001, 0.005, 0.01, 0.03 0.001
Weight Decay 0.0, 0.001 0.0
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Pin Based NN model was examined to understand the effect of batch size, number
of minority samples in batches and epoch number on the model performance. In this
experiment, the number of batch and number of minority samples were kept low
and the number of epochs was kept high in the first training. In addition, in the
16th epoch, the learning rate was decreased by 0.1 and an adaptive learning rate
was applied. In the second training, the number of batch size and minority samples
was chosen as high and epoch number was chosen as low for the same model. Test
performance of the model was 0.8114 PR AUC in the first training, and 0.8037 PR
AUC in the second training. As a result of this study, it was seen that keeping the
epoch number high by decreasing the batch number and minority samples increases

the model performance.

Table 17: Training parameters to see the effect of batch size and minority size on
the model.

Model Parameters Hidden Layers: [32,64,16,8], Ac-
tivation: ~ ReLU, Initialization:
Kaiming, Dropout: False

Hyper Parameters for Training-1 | Batch Size:64, Minority Size:16,
Epoch:20, LR: 0.003, Weight De-
cay:0.001, LR Decay FEpoch:16,
LR Decay Ratio:0.1

Hyper Parameters for Training-2 | Batch Size:1024, Minority
Size:128, Epoch:5, LR: 0.003,
Weight Decay:0.001

Another experiment is examined in the pin based-v2 model in order to observe
the effect of “majority priority” parameter in developed batch sampler module over
training sessions. The task of batch sampler module is to provide an equal number of
minority samples in each of the batches applied to the model during training. Majority
priority parameter in this module provides specifying how majority instances will be
used during the training of the model. If this parameter is set to True, it is aimed

to use all majority samples during an epoch, iteration continues until all majority
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Figure 44: Lost-Accuracy plots for Training-1 and Training-2.

samples are used. If all minority samples are trained during the epoch, the minority
samples are repeated. Since the same minority samples are used multiple times for an
epoch, it has the same effect as applying over-sampling method for minority samples.
If this parameter is set to False, it is aimed to use all minority samples during an epoch,
iteration continues until all minority samples are used. Since some of majority samples
are chosen randomly for an epoch, this process has the same effect as applying under
sampling method for majority samples. In the experiment, the model parameters that
performs the best success in the pin based-v2 model were chosen. These parameters
is explained in Table 10. Three different training sequences were created for this
model. The majority priority parameter is set to True in the first sequence and False
in the second and third sequences. Since the number of minority samples is very low
in the dataset and an epoch is completed when all minority samples are used for False
value of majority priority, the number of iterations in epochs in the second and third
sequences is less than in the first sequence. The number of epochs was set differently
in three training sequences, so it is ensured that number of iteration for each sequence
remains the same. Training parameters are explained in Table 18.

As a result of the experiment, 0.9035 PR AUC in Training-3, 0.9017 PR, AUC in
Training-4, and 0.8506 PR, AUC in Traning-5 were obtained in the test dataset. It

was observed that similar results were obtained when similar iterations were provided
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Table 18: Training parameters in the experiment to measure the effect of majority
priority parameter on training.

Majority Priority | Batch Size \ Minority Size \ Epoch Count ‘

Training-3 True 1024 128 )
Training-4 False 1024 128 800
Training-5 False 1024 16 100

in Training-3 and Training-4, but lower performance was observed in Training-5.
In Training-5 sequence, unlike Training-4, batches with less minority size was used,
which involved to train with more iterations and to use more majority samples, but the
performance was not sufficient. In addition, it was observed in previous experiments
that the low number of minority samples in batches negatively affected the model
performance. Although Training-5 sequence remained lower than the other models in
PR AUC and Recall values, it achieved a better result for F2-Score. The loss-accuracy
curves and confusion matrices for the training are can be observed in Figure 45, 46

and 47 and Table 19 .
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Figure 45: Lost-Accuracy plot of the training of Training-3.
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Table 19: Confusion matrix for test performance of Training-3, Training-4 and
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Figure 46: Lost-Accuracy plot of the training of Training-4.

Training-5.

\ | Training-3 | Training-4 | Training-5 \

’ Real \ Negative \ Positive \ Negative \ Positive \ Negative \ Positive ‘
Negative | 531724 3580 531695 3609 535238 66
Positive 16 488 16 488 o8 446
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While creating a dataset from the data obtained from the control machines in
production, three different datasets were created, and the training process of the
models was performed with the first dataset. The other two datasets are obtained
by applying PCA analysis and resampling to the first dataset. In the second dataset,
13 eigen vectors were obtained from 20 features by PCA analysis and the input
dimensions were reduced to 13 dimensions. In the third dataset, Random Under
Sampling, Tomek-Links and ENN methods were applied and records belonging to the
majority class were sampled and reduced from 2141216 samples to 920152. Training
with both datasets had low performance. The reason for this issue is that some
information in the data was lost in PCA analysis and under-sampling method, the
model was not successful in predicting different samples in the test data.
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Figure 47: Lost-Accuracy plot of the training of Training-5.

Comparing the training with the dataset obtained by applying under sampling to
majority samples with Tomek-Links and ENN methods and the training with random
under sampling by adjusting the majority priority parameter to False, the training
with the dataset that is applied by Tomek-Links and ENN method under sampling

was less successful. Although majority instances are sampled for an epoch in the
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training with random under sampling method, the samples not included in training
for an epoch may be included in the training randomly in the next epoch. However,
the majority samples excluded by Tomek-Links and ENN methods are not included
in the training anymore. This may cause some information to be lost in the training
dataset and the model to be underfitted.

In Vestel Electronics Factory, X-Ray tests are not processed on the production
line, but the boards are chosen by random sampling tested in a separate station.
Random sampling of the boards has two main problems. First, if a defect in solder
paste or component cannot be detected by the control machines on the production
line and is not chosen by random sampling, this board can complete its production
cycle and can be shipped without any defect detection. Second, because a method
does not exist to choose the boards that need to be analyzed by X-Ray inspection
device, overmuch boards are tested with random sampling. This causes excessive
use of X-Ray inspection devices which have high initial and maintenance costs. By
virtue of proposed model, the targeted success was achieved by reducing the number

of sampling by 4% in Line-1913.
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4.2 Future Work

In PCBA production, many critical operations are applied to the boards. These
processes are controlled by the quality control machines in the production line and
the boards containing defective components are detected and thrown away during
production. Perfect defect detection mechanism does not exist in the quality control
of the produced boards, because the measurement results of the machines performing
the control depend on the threshold values set on the machine. It is not possible
to adjust these threshold values to the optimum values in practical. In addition,
in measurement results which are very close to the threshold value, the decision is
made by the operator, which affects the reliability and stability of the process. In
order to eliminate these problems and to detect errors that cannot be caught in the
production line, the boards selected by random sampling are analyzed with X-Ray
inspection device. Random sampling may cause missing defective cards that are not
identified in the production line and not selected for sampling. In this project, it
was aimed to develop a machine learning model that predicts X-Ray test results of
the pins with the measurement values taken from SPI, Pre-AOI, Post-AOI machines.
Thanks to this model, the components containing the pins labeled by the model as
defective and the boards with these components are determined. Instead of randomly
sampled boards, the boards that the model determines as defective are tested in X-
Ray inspection device. Thus, with a more reasonable sampling, all faulty samples
are detected on the X-Ray device without missing. In addition, in manual type X-
Ray devices, the components detected by the model as defective are reported to the
operator and the operator is prevented from overlooking these defects. With fewer
defective boards detected than random sampling, the use of X-Ray machines and
maintenance costs are reduced due to less operating times, and the number of X-Ray

machines required to detect defective boards on all production lines is decreased.
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A machine learning model has been developed to detect defects that may occur
in BGA components on PCBAs known as the main board of televisions at the Vestel
Electronics Factory. Server software has been developed in order to collect measure-
ment values from SPI, Pre-AOI and Post-AOI machines and to label them with the
test results on the X-Ray detection device, and approximately 3 million data have
been collected for two months. Different models have been developed with three
different models and four different machine learning algorithms. As a result of the
studies, PR AUC score of 90.62% and recall score of 97.42% was obtained in the test
data with the three-layered Pin Based-v2 NN model. With the commissioning of the
model in production, the number of X-Ray sampling for Line-1913 was reduced by
4%.

Because the amount of data collected from the machines is not sufficient, low
success was achieved in component based models. If data is collected in a longer period
of time, it is expected that the model performance will increase in all models. It is
aimed to use the results in X-Ray tests and FV'T tests while labeling the measurement
values collected from the control machines. Thus, if a component labeled as non-
defective in X-Ray test fails FVT test, this component and its pins would be marked
as defective. However, no defects were detected in the FVT test during data collection,
so this feature was not used during training. In future studies, a model including this
feature will give more accurate results. Furthermore, data was collected from only
three control machines in the production line in this project. If a model is developed
by taking data also from SP, P&P and Reflow Oven machines, it will be possible to
obtain a more precise and better model in future works.

Since it is not possible to determine a possible flaw in the solder pads under BGA
components in the production line and these components have a higher risk of being
undetected, models that predict the X-Ray analysis result of BGA components have

been developed in this project. However, among the studies, the most successful
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model was achieved with a pin-based model that is independent of the component.
It is possible to analyze the results of this model in future studies by applying to
different components on the boards such as resistors and capacitors. Moreover, an
offline training system has been established in this project, it has been planned to
train and update model parameters with accumulated data with certain periods. In
the long run, it is aimed to develop a dynamic model in which model parameters are

continuously updated with online training.
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