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Abstract
The web-enabled quality control process presents many bemefitdustry, such as universal
access, remote control capability, and integration of production equipmtentnformation
networks for improved efficiency. This capability has a gmeeatential, since engineers can
access and control the equipment anytime, anywhere as the skagjga evolve. In this context,
this work uses innovative methods in remote part tracking and quaitityot with the aid of the
modern equipment and application of Support Vector machine learningaappto predict the
outcome of the quality control process. The classifier equationsudteon the data obtained
from the experiments and analyzed with different kernel functionsaaddtailed analysis is
presented for six different case studies. The results indicateobustness of Support Vector

classification for the experimental data with two output classes.
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Chapter 1: INTRODUCTION

1.1 Background

A current trend for manufacturing industry is shorter product tjele, remote
monitoring/control/diagnosis,  product  miniaturization, high  precision, zeexte
manufacturing, and information-integrated distributed production regstéor enhanced
efficiency and product qualitji-6]. In tomorrow’s factory, design, manufacturing, qualityda
business functions will be fully integrated with the informatioanagement networks [7-9].
This new paradigm is coined with the term, e-manufactufimg of the enabling tools to realize
the e manufacturing is the ability to predict the variations erdormance loss. Therefore,
Internet-based gauging, measurement, inspection, diagnostic systdnguality control have
become critical issues in the integration with e-manufacturis¢esys and management. For
manufacturing industry, the current emphasis on quality, reliabdiig, the competitive state of
the international/domestic markets have resulted in both greatilityisand increased
responsibility for quality and inspection. According to the whiteresgondences from the
American Society for Quality and the U.S. Department of Labor,-220@@5 Edition on Bureau
of Labor Statistics, increased emphasis has been placed on qualitpl in manufacturing,
while inspection is more fully into production processes than in tbie bEny companies have
integrated teams of inspection and production workers to jointly resigvimprove product
quality as they are seeking to implement completely automatgzbedtion with the help of
advanced sensors installed at one or several points in the productiors phoceanufacturing,
quality control is fundamental to ascertain the conformance, aryd pla important role in

deciding whether the parts are being manufactured according to digm dpecifications and
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whether the manufacturing processes are in control. The recagregsoin developing new,
automated production and measuring instrument has led to the 100%meeaigpection, where
critical dimensions are measured and verified while partdairegy produced. The immediate
benefit from this approach is the reduction of manufacturing cgsprieventing further
processing of defective parts along the manufacturing stages. iMptantly, the remote
accessibility and the ability to control the equipment over theneteEthernet/LAN present
unprecedented benefits to the current manufacturing environment. Desligoated remotely
from the production facility can carry out inspections and qualitgichs their design processes
evolve. The quality control and the process capability analysisbeatested and adjusted

according to the assembly and manufacturing specifications.

1.2 Development of internet based inspection systems

As with other manufacturing processes, robotic assembly operegquise an integrated
quality control routine in each stage of the assembly. This enthateso defective parts will be
propagated into the downstream, hence reducing the manufacturingassstsated with bad
quality. The Yamaha YK 250X SCARA (selective compliance asseroblgt arm) robot can be
controlled remotely through an onboard Ethernet card, which is an opt@vate for
connecting the robot controller over the Internet. The communicationscpt utilizes TCP/IP
(Transmission Control Protocol/Internet Protocol), which is a stdnbtdernet Protocol. The
unit uses 10BASE-T specifications and UTP cables (unshieldedediapsir) or STP cables
(shielded twisted-pair) can be used. PCs with Internet acaessexchange data with the robot
controller using Telnet (Figure 1). Once the connection is estaolj commands (e.g., speed,

read and load program, turn motor on and off, move to points, etc.) can ke Sentontroller



to achieve desired results. The Telnet procedure has been incluthedMistial Basic codes to
develop an application program interface (API), which improves the iatiah of robot
operation with the intuitive interface along with the enhanced ifumaity. The connection
between the API and the system was established by the wdiizd#tWinsock components and
various ActiveX controls that communicate through IP addresses. Thallosetting of the

system is presented in the figure 1.1 shown below.

Yamaha Robot
RCX 40 Controller

Application Programming

Interface
= Web Cameras
— > —
J—1= e e
( Internet 0)

[ SN t\
Machine Vision Cameras % Remote Users s

Figure 1.1: Overall Setting of the System

The captured image has 640x480 pixel size and is transferred APthdarough the Internet.
Any given time, 75 frames were captured and processed per sébenDVT camera acts like a
server, accessible from anywhere. Locating an object is done ibyg aspattern matching

technique. Before the actual process began, the pattern of an obgedawed in the flash



memory of the camera. An image of the object was analyzedtamtharacteristic profile is
generated. During the process, the pattern of the objectébadawith the one already stored in
the camera memory. If the object pattern matches, it sendsS& B#ent to the API through
TCP/IP. When the API receives the PASS criteria, the conumlbstops automatically, and the
object location in terms of camera coordinate system is detednty the vision algorithm. The
mathematical processes in the APl map this coordinate intoGA&RA Cartesian coordinate
system. It compiles the location coordinate into the robot command secathsends it to the
robot. The command makes the robot to go to the position of the objectyguraduum gripper
on, pick up the object, and place it at the desired location. This cenmee cycle of quality
check and the entire system waits again for another objebe Wibject fails the inspection, no
operation is done. The object continues to be carried and stockeceattbéthe conveyor belt.
The quality check of remote robotic operation has been successéiélgl snd the entire process

was monitored through the web camera. The picture of entire setup is shown in thé.#gure



Figure 1.2: Robotic setup at ISEL lab, UTEP

1.3 Motivation of thisresearch

The objective of this work is to apply the machine learning approadhe form of
support vector machine to predict the outcome of the processes in et clomain of internet
based quality control systems. Data obtained from the remote ilmspesiperiments will be
analyzed using SV classifier equations to build a model whichearsed for future predictions.
The motivation behind this work is to avoid the problems which might ouhe remote
control of an automation process using the internet can sufferdrome lag, especially if the
network is congested with heavy data traffic, which may begtkatest hurdle for using the

internet for real-time control. The idea is to try and build roblastsifiers which can the sort the
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incoming parts based on the dimensional data into predefined grougs whie used while

training the algorithm.



Chapter 2: LITERATURE REVIEW

Data mining, which is also referred to as knowledge discovery mbasgs, means a
process of nontrivial extraction of implicit, previously unknown and poténtiaseful
information (such as knowledge rules, constraints, regularities) ftata in databases [40]. In
modern manufacturing environments, vast amounts of data are collected in databagement
systems and data warehouses from all involved areas, suctodgtpand process design,
assembly, materials planning and control, order entry and scheduolaigtenance, recycling
and so on [41]. The following section illustrates the application &f dahing techniques to

address quality control issues.

2.1 Quality Control

Different researchers tried to solve the quality control/ingpedssues using various
machine learning approaches for addressing different typeslaeprs. Automated diagnosis of
sewer pipe defects was done using support vector machines (§¥®)syvhere the results
showed that the diagnosis accuracy using SVMs was better thadetinaed by a Bayesian
classifier. A combination of fuzzy logic and support vector machires wged in the form of
Fuzzy support vector data description(F-SVDD) for the automatic targetfickeindn for a TFT-
LCD array process [11] where the experimental results ireticétat the proposed method
ensemble outperformed the commonly used classifiers in termsget @efect identification
rate. Independent component analysis (ICA) and SVMs were used casnlaination for
intelligent faults diagnosis of induction motors [12] where the tessihow that the SVMs
achieved high performance in classification using multiclassesty, one-against-one and one-

against-all. Fault diagnosis was also done based on partictenss@imization and support
7



vector machines [13] where the new method can select theabéistefatures in a short time and
has a better real-time capacity than the method based on prcaipaonent analysis(PCA) and
SVMs. Multi-class support vector machines were used for thedagdhostics of roller bearing
using kernel based neighborhood score multi-class support vector mathjnehlere it was
shown the multi-class SVM was effective in diagnosing the faariditions and the results were
comparable with binary SVM. Artificial neural networks were cuder addressing quality
control issue as a non-conventional way to detect surface faultgechanical front seals [15]
which achieved good results in comparison with the deterministiersyathich was already
implemented. Fuzzy association rules were used to develop argertekljuality management
approach [16] with the research providing a generic methodelghyknowledge discovery and
the cooperative ability for monitoring the process effectively efitiently. An automatic
optical inspection was adopted for on-line measurement of small cemisoon the eyeglasses
assembly line [17] which was designed to be used at tharbegiof the assembly line and is
based on artificial vision, exploits two CCD cameras and an anthapbio robot to inspect
and manipulate the objects. Fuzzy analytical hierarchy process was usedttarsstable slicing
machine to control wafer slicing quality [18] where the result&xponential weighted moving
average control chart demonstrated the feasibility of the propogedtlain in effectively
selecting the evaluation outcomes and evaluating the precision ofvarg performing
machines. Logistic Regression and PCA were the data miningthfgs used for monitoring
PCB assembly quality [19] where the results demonstratedhbadtatistical interpretation of
solder defect distributions can be enhanced by the intuitive patseraization for process fault
identification and variation reduction. Fuzzy logic was used fordh# @letection in statistical
process control of industrial processes [20] and the comparativbasgel study has shown that

8



the developed fuzzy expert system is superior to the precediny Fulezbased algorithm.
SVMs were used for an intelligent real-time vision systemsiamface defect detection [21]
where the proposed system was found to be effective in detectistepglesurface defects based
on the experimental results generated from over one thousand irf8&@és were also used as a
part of the optical inspection system for the solder balls ofgoallarray [22] where the system
also gives the training model adjustment judgment core SVM waidfficient for the image
comparison and classification. SVMs were used for quality mongan robotized arc welding
[23] where the results show that the method can be feasible tafyiddwat defects online in
welding production. A defect classification algorithm for POSCQingl system surface
inspection system [24] was developed using Neural Networks and supptot machines with
good classification ability and generalization performance. SMbtgyawith the wavelet feature
extraction based on vector quantization and SVD techniques [25] wetdaramproved defect
detection with the results outlining the importance of judiciouscBefte and processing of 2D
DWT wavelet coefficients for industrial pattern recognition amgiions as well as the
generalization performance benefits obtained by involving SVM neurabrietwnstead of other
ANN models. Radial basis function (RBF) neural networks (NNSMS&Were used for quality
monitoring in a plastic injection molding process [26] where thgeemental results obtained
thus far indicate improved generalization with the large maoiassifier as well as better
performance enhancing the strength and efficacy of the chosen foodbe practical case

study. All the applications mentioned above are summarized in the table 2.1 gwen bel



Table 2.1: Support Vector Machines Applications

Applications

Approach

Researchers

Automated diagnosis

Support Vector
Machines(SVMs)

Ming-Der Yang et al./2007 [10]

Automatic target defect
identification

Fuzzy support vector data
description (F-SVDD)

Yi-Hung Liu et al./2008 [11]

Intelligent faults diagnosis

Independent component
analysis (ICA) and support
vector machines (SVMs)

Achmad Widodo et al./200 [12]

Fault diagnostics

Support Vector Machine

Sheng-Fa Yuan et al./ 2006

Fault diagnostics

Multi-class support vector
machine (MSVM)

V. Sugumaran et al./2008 [14]

Surface faults detection

Artificial Neural Networks

L. Baretlal./2007 [15]

Intelligent quality management

Fuzzy association rules

H.C.W. Lau29G8.[16]

On-line dimensional measureme

nt Automatic optical inspection

G. Rosati et al./2008 [17]

Quiality Control

Fuzzy analytical hierarchy
process

Che-Wei Chang et al./ 2008[18]

Quality Control

Logistic Regression, principal

component analysis (PCA)

Feng Zhang et al./2007 [19]

Fault Detection

Fuzzy Logic

Shendy M. El-Shal et al./2000 [2

Surface Defect Detection

Support Vector Machine

Hongbin Jia et al./2004 [2

Optical Inspection

Support Vector Machine

Shih-Feng Chen/2007 [22]

Quality Monitoring

Support Vector Machine

Ye Feng et al. /2002 [23]

Surface Inspection

Neural Network, Support
Vector Machine

Keesug Choi et al. / 2006 [24]

Defect Detection

Support Vector Machine

D.A. Karras/2003 [25]

Quality Monitoring

Radial basis function (RBF)
neural networks (NNS), suppo
vector machines (SVMs)

r

t

Bernardete Ribeiro/ 2005 [26]

10

[13]
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2.1.1 E-Quality Controal

Although significant amount of literature is published on solving quatityted issues
using data mining techniques or support vector machines in partitildarpncept of addressing
e-quality using support vector machines remains unexplored. Thigeigodthe fact that the
whole idea of e-quality is still in its developmental stages. Wewesome researchers [42]
developed the idea to address E-Quality for manufacturing withifirdineework of internet-
based systems. The researchers designed the setup to perfotyncgudlol operations over the
internet using Yamaha robots and machine vision cameras. The presdntwill be an
extension to this type of work, where the data obtained from #vgseriments are analyzed
using SVM’s for future predictions. The idea behind using SVM’s @ work is solely based
on the fact that the performance of SVM’'s on binary output data ierbehen compared to
other widely used approaches like the neural networks, principal contpanalysis and
independent component analysis. Most of the literature review sunechabove support that

SVM's outperformed other methods in different cases.

2.2 Support Vector Machines

2.2.1 Historic Background

The SV algorithm is a nonlinear generalization of the GemedhlPortrait algorithm
developed in Russia in the sixties [27]. As such, it is firmgugded in the framework of
statistical learning theory, or VC theory, which has been developed ovestiltieréee decades by
Vapnik and Chervonenki [28]. In a nutshell, VC theory characterizegepies of learning
machines which enable them to generalize well to unseen datts pmesent form, the SV

machine was largely developed at AT&T Bell Laboratories lapivk and co-workers [29, 30,
11



31]. Due to this industrial context, SV research has up to date hathd erientation towards
real-world applications. Initial work focused on OCR (optical characognition). Within a
short period of time, SV classifiers became competitive withbdst available systems for both
OCR and object recognition tasks [32]. But also in regression and d@mes prediction
applications, excellent performances were soon obtained [33]. Alenagfsthe state of the art
in SV learning was recently taken at the annual Neural Irdbom Processing Systems
conference [34]. SV learning has now evolved into an active areaesrol. Moreover, it is in

the process of entering the standard methods toolbox of machine learning [35, 36, 37].
2.2.2 Support Vector Classification

The decision function for support vector classification is of the form

f(x) = sgn X, yiai{P(x), P(x;)) + b)) = sgn(XiZ, yiaik(x, x;) + b) (1)

and the following quadratic program

maximizegegm W(a) = X2 a; — 1/2 X751 a0 yiyjk (x;, x;) (2)
subjecttoa; =20 foralli=1,..... ,moand Yt a;y; =0 3)
Soft Margin Hyperplane

In practice, a separating hyperplane may not exist, e.g., ifrarfoge level causes a large
overlap of the classes. To allow for the possibility of exaspiiolating, one introduces slack

variables.
§=0foralli=1,.....m (4)

in order to relax the constraints to
12



yilw,x;)) +b) >1-¢; foralli=1,....,m (5)

A classifier that generalizes well is then found by controlldagh the classifier capacity (via
|lwll ) and the sum of the slacks¢; The latter can be shown to provide an upper bound on the

number of training errors.

One possible realization of suctsait margin classifier is obtained by minimizing the objective

function
T(w, &) =< Iwll> + C X, & (6)

subject to the constraints (4) and (5), where the constant C ®@nd&ts the trade-off between
margin maximization and training error minimization. Incorporatrigrnel, and rewriting it in
terms of Lagrange multipliers, this again leads to the probfemaximizing (2), subject to the

constraints
0<aq <Cforalli=1,....mand Y% a;y; =0 (7)

The only difference from the separable case is the upper boundh@ bagrange multipliets.
This way, the influence of the individual patterns (which could be ositligets limited. As
above, the solution takes the form (1). The thresbatdn be computed by exploiting the fact
that for all SVsx; with a;< C, the slack variablg is zero (this again follows from the KKT

conditions), and hence
Yz yik(x;, %) + b =y; (8)

Geometrically speaking, choosibbgamounts to shifting the hyperplane, and [38] states that we

have to shift the hyperplane such that the SVs with zero slack variables lie otinies. I
13



2.3 Example

The following example demonstrates the usage of support vectsificitson methodology by

using ten data points.

Suppose we have ten one dimensional data peints1, x, =2, x3 =3, x4, =4, x5 =5,

x6:6, x7:7, x8:8, x9:9, x10:10

Let us consider points 1, 2, 3,4, 5as class 1 and 6, 7, 8, 9, 10 as class 2.

Therefore, we can considey; =41, y, =41, y3=+1, y, =41, ys = +1, ys = —1,

y7 = _1, y8 = _1, yg = _1, le = _1 (C|aSS 1 = +1, C|aSS 2 = '1)

In this case, let us choose polynomial kernel of degree 2 which can be of the form

K(x,y) = (x *y + 1)? and assume C = 100

We can solve for support vectors by using the equation

10 10 10
maxz a; — 1/22 Z ;a;y;yj(x;x; + 1)?
i=1 i=1i=1

10

subject to 100 = a; = O,Z a;y; =0
i=1

By using a Quadratic Programming solvey,= 0,a, = 0,a; = 0,a, = 0,as = 0.016, a4 =

0.016, a7 = 0, (lg = O, ag = O, alo S 0

So, by definition the non-zero values of alpha are classifietieasupport vectors. Here, the

support vectors are points 5 ang = 5, x; = 6)

14



The discriminant function will be

f(y) =0.016(+1)(5y + 1)2 + 0.016(—1)(6y + 1)2 + b

f(y) = —0.179y2 - 0.032y + b

‘b’ can be recovered by solving f(5) = 1 or f(6) = -1, as all these points lie on
yi(wT¢(z) + b) = 1 and both giveh = 5.63

Therefore, the classifier equationfiéy) = —0.179y? — 0.032y + 5.63

mMaple 11- C:ADocuments and Setfings WalyanDesktoptchesis wrtinglapl filestP1.mw - [Server 7]

Fle B Ve Inset Fomat Tods Wodow Heb
DBBSE S3 9¢ TP EE ¢ NIObL 0 BEL ¢ §
i {

P Fartes 3 CUWUFSVMEX‘WWOW — )
— Text Low v (matian ¥ vy BU EE o = EE i
Expessin [> .
| L Laaing Cpfwnzaton

joon
’fdl {f b Zf Loelg Dy

U ettt bt - - BB e fag- et

QPloe| 0, t eyt byt byt ot oy =104 A R R TR E R LT S DAL TR

1 .
ka =i ]

+81a1 ag+ 100511 a9+ 121511 am—49a2aj—8ld2ad— l2l¢r2ar5+ 169d2d6+ 225a2¢r]+289a2a8+361a2a9+441a2am— 169a3a4— 256a3a5+ 361d3d6+434ﬂ3d7+ 625”3”8

nf o+ g T PO S e eI R g 1

Mf +784a3a9+961a3arm 1849% 240“‘6“8 ZUZSaﬁag 3721[165110 3249a7a8 4096117% 5041a7am 5329aga9 65611181110 8281a9am 2 iy 3362ar9 2 i
¢

b E d —44lar4a5+625¢r4ar6+841a4ar7+1089a4a8+1369a4a9+1681a4am+%1aja6+1296a5a7+1681a5a8+2116ar5ar9+Zﬁﬂlajam,lal+a2+a3+ar4+a5-a6-a7—ag—ar9—am

6 1, JE =U],arl=ﬂ“lﬂﬂ,a2=U“lﬂﬂ,afﬂ.‘lﬂﬂ,a4=UHIUU,a5=U‘.IUU,a6=UHIUU,a7=UHIUU,a8=U..IUU,arg=U“IUU,am=UHIUU,mamu‘zeafme

HJE A4 [0016260162601386 [al-ﬂ az-ﬂ a3=U.,a4=ﬂ‘,a5=U.0162601626014846138,aﬁ=0‘0162601626015272461frfﬂ.,ag=ﬂ‘,fr9=ﬂ.,am=ﬂ.” {0

Figure 2.1: A screenshot of the Maple 12 Software used for solving the quadraticpmagga
problem.
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Chapter 3: METHODOLOGY

This chapter explains the model selection for running the expetinusing the support
vector classifiers, the values of training parameters sdlestd values of the parameters used

for different kernel functions. The following figure 3.1 shows the cptuzd framework used as

a part of this work.

Different
Test

Samples

A

Remote Preparing Aizlll;;?sv\l)%h
Inspection »  Training ™ different C
Process Data values
Identifying
Optimal
Values
N N
Comparing
Data Model .| results with
Acquisition Selection different
kernels

A
Using for

future
prediction

Figure 3.1: Conceptual framework
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3.1 Mode Selection

In training a support vector machine we need to select a kandetet a value to the
margin parameter C. Thus to develop the optimal classifiemeeel to determine the optimal

kernel parameter and the optimal value of C.

Estimating thetraining parameter C

A k-fold (value of k = 10) [39] cross validation approach is adoptecg$tmating the
value of the training parameter. The minimum value considered was@.the maximum value
was 500. Then, the value of C for which the testing accuracemege level was high was

identified as the optimal value (highlighted in bold characters).

Perfor mance Evaluation using different kernels

The performance of the classifiers will be evaluated hygudifferent kernel functions in

terms of testing accuracy, training accuracy, number of support vectorslialatioa accuracy.

Four different kernel functions are identified for this rededvased on the knowledge gained
from the literature review. Polynomial and RBF kernels ar&abythe commonly used kernels in

the research world.

1. Linear Kernel

2. Polynomial Kernel

3. Radial Basis Function (RBF) Kernel

4. Sigmoid Kernel
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The following section identifies the different parameters involvedll the kernels which are

presented above and also discusses the range for each parameter.

1. Linear Kernel

k(xl-,xj) = (x;, %)) (9)
It is the inner product ¢£;, x;), so there is no gamma, no bias.

2. Polynomial Kernel

k(x;,x;) = (yx; x; + coef ficient)dedree (10)
Where ¢egree € N, coefficient =20, y >0)

Two cases are designed based on this kernel which includes degr@el@gree 3. Gamma as 2,
coefficient as 1 are chosen based on the data. Trial and erdfoodneas adopted to find the

optimal values which give high testing data classification accuracy.
The values of gamma

3. Radial Basis Function (RBF) Kernel

2
k(xl-,xj) = exp (—y|xl- — xj| ) (11)
Where(y > 0)

Two cases are also designed based on this kernel with gamma @&lwesl 2. Trial and error
method was adopted to find the optimal values which give high testitag ctlgssification
accuracy.
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4. Sigmoid Kernel

k(xl-,xj) = tcmh(yxi xj + coefficient) (12)
Where(y > 0,coefficient = 0)

Values of gamma 0.2 and coefficient 0.1 were chosen for this work based on the data.

3.2 Training the Support Vector Classifiers

After the acquisition of the data from the experiments, the faligwcharacteristics were

identified.

Total number of cases = 138

Note: Total number of times that the experiment was run including ‘auto’ and ‘rnaragsgs.
Number of input features = 5

Note: Five features include the five different dimensions of the test piece.

Number of output features = 2

Note: Two outputs include the cases where the test piece is ‘compliant’ or ‘nguhiaotm
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Figure 3.2: A screen shot of the excel file containing the data

Training the Algorithm:

As Support Vector Machines are part of the supervised leanmitigods in data mining,
the data is to be divided into training set and the testing setg@®aih the standard approach,
two-thirds of the data is divided into training set and the remaioimggthirds into testing set.

Accordingly,

Training Data Sample size = 92
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Testing Data Sample size = 46

According to the literature review explained in the previous chafaeiobtaining the support

vectors we need to solve the equation

maximizegegm W(a) = Xy a; — 1/2 X751 aia; yiyik (x, x;) (13)
subject to the constraints

0<aq <Cforalli=1,....mand Y2 a;y; =0 (14)

Accordingly, we have to estimate the value of the trainingnpeter C. After closely following
the literature and going through the published material, it is didingt using k-fold cross

validation method will be used to estimate the value of the training parameter C.
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Chapter 4: RESULTS AND COMPARISONS

In this chapter, the various steps involved in the process of condagpegments are presented
and the results generated from using the classifiers idiferent cases are also shown in the
form of tables. Later, the comparison between the performanckfesént kernel functions on

the given data is made and the findings are reported.
4.1 Preparing Test Samples

The experimental setup considered for this research is in thipplexant stage and as of
now it cannot be completely commercialized and used for deadamgworld problems. So, a
similar scenario is designed which will depict the real woddes, where instead of the parts
dealt in a typical production line, small test pieces are designperform this research. These
pieces are smaller in size, less complicated in dimensiondapdswhen compared to the parts
used in various types of industries. The following figure 4.1 showgebmetry of the test piece

used in this experiment.

N
J

C

D1

Figure 4.1: Test Piece Geometry
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L — Length of the piece

W — Width of the piece

D,, D, - Diameters of the two circles

CC_ — Distance between the centers of two circles

There are about twenty pieces made with same shape but each theenaiffers from the
original in atleast one dimension so that it depicts the realdwsmenario where there are

potential defective products in the production line.

4.2 Performing the I nspection process

The purpose of this experiment is to become familiar with autamquality control
process in a real-time industry like settings. The experimeciudes recording real-time
measurements on sample work pieces (products) that are passed @anoanconveyor belt,
compare these dimensions to the required specifications, make @rmecishe quality of the

product (i.e. if it is compliant or non-compliant) and take an appropriate action on thetproduc

Experimental Apparatus:

1. Yamaha YK 250X SCARA

2. Variable speed Dorner 6100 conveyor system

3. Cognex DVT 540 vision sensor

4. Sample test pieces
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Figure 4.2: Schematic Diagram of System Setup

We use a Cognex DVT 540 vision sensor for making inspections and emasis on the
object under test. We have set the camera to have an igsgation of 640 x 480 bits with an
exposure time of 4s and a frequency of 2 snapshots per second. The cameraallyitrdiined

to learn the profile of the object being tested and make thereel measurements on it. Once
trained, it can detect the presence of the same kind of object uffdeerdi orientations. The
camera can be addressed using an IP address and is capabdbarigerg information with
other entities over a data network. Subsequently during later irapedtie camera makes
measurements on the objects passing on the conveyor belt and refpatk along with the

objects’ position to an application server over the network through a TCP/IP connection.

The Yamaha YK 250X SCARA robot is specifically configured tosbiable for pick
and place or assembly operations with a high degree of accaratyspeed, having the

repeatability along horizontal planes of +/- 0.01 mm (+/- 0.0004 inyardable speed Dorner
24



6100 conveyor system is connected with the robot’s I/0O device portden tor synchronize the
conveyor with the motion of the robot. The robot can also be addressecandidgaddress and

is remotely operated over the Internet by the application server througR/#Tconnection.

The application is software written in VB6 and runs in a PCortraunicates with the
camera over the network and receives the measurement and pasibionation about the
object. It then uses this information to decide on if the product alherdghe required
specifications. Once a decision is made, it communicates withrothet over the network
instructs it to it stop the belt and do the proper pick and place mpeaat the object. The robot

places the compliant and non-compliant objects on to two different stacks.

The user can start and stop the inspection process, observe addheaneasurements,
and override the application server to manually instruct the robot to coordinatektlaagiglace
operations. The camera placed at the inspection site also abbowss@ial monitoring of the

ongoing process from a remote location.

A drawing of the work-piece used for this experiment isaalyeshown in figure 4.2. The
camera is programmed to measure the key dimensions as shown figutiee Table 4.1
summarizes the specifications for the different type of woekqs that you will be using for
your experiment. Type 1 constitutes objects that adhere todb&ee specifications. The other

types deviate from these specifications in one dimension.
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Table 4.1: Work piece Specifications (All units are in mm)

Type L W D, D, CCL Remarks

1 50 50 12 12 37 Correct Dimensions

2 52 50 12 12 37 Wrong Length

3 50 52 12 12 37 Wrong Width

4 50 50 14 12 37 Wrong Radius

5 50 50 12 14 37 Wrong Radius

6 50 50 12 12 39 Wrong Center — Center

Horizontal Distance

7 50 50 12 12 39 Wrong Center — Center

Vertical Distance

4.3 Data Acquisition

Based on the previous phase, the experiment is conducted allowingethe tsst the
different samples. The user has two options to perform this typ&periment which include
dealing with the robot in manual and auto modes. The data used fexpleisment consists of

data recorded in two modes.

Manual Mode: After the test piece is placed on the conveyomsysdtstops as soon as it
comes right below the DVT vision sensor camera which recordsitiensions of the piece and
through a VB interface, the user is able to see the values anadl imake a judgment whether if
the test piece is compliant or non-compliant. After the useestak decision the robot is
programmed to pick up the object and place it in the respective stack. The prodes®samitil
all the test samples are put on the conveyor. The significantt@somode lies on the users’

ability to make the correct decision to classify the object.
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Auto Mode: The process is almost similar to the manual modepexafter the
dimensions are recorded by the DVT vision sensor camera, the atjpplictself takes the

decision whether the piece is compliant or non-compliant.

The VB application has the option to write all the data recoad@adg with the action
taken into an excel file. The input data used for analysis usingoBugector Machines is the

product of these experiments.

Working with Statistica

Most of the analysis part is done using a statistics and msalypftware package
developed by StatSoft Inc. called STATISTICA which provides ecsiein of data analysis, data

management, data mining, and data visualization procedures.

The following figure 4.3 shows the screen shot of the input dataigiéd for the analysis in the

STATISTICA 8.0 data mining module.
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4.4 Case Studies

Results obtained from six different case studies are presented in tlaa,sg@tthe cases varying

in the type of kernel function used for classification.

Case 1: Radial Basis Function Kernel (gamma = 0.5)

Case 2: Radial Basis Function Kernel (gamma = 2.0)

Case 3: Polynomial Kernel (degree = 2, gamma = 2, coefficient = 1)

Case 4: Polynomial Kernel (degree = 3, gamma = 2, coefficient = 1)

Case 5: Linear Kernel
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Case 6: Sigmoid Kernel (gamma = 0.2, coefficient = 0.1)
Case 1: Radial Basis Function Kernel (gamma = 0.5)

The classifier equations are tested with radial basis function kernglaigiamma value of 5 and
different runs are made using different values of the training pararfetezach run, the number
of support vectors generated, the accuracy of classifyingataeinl the training set and testing

set are noted. The summary of all these observations are presented in the table 4.2.

Table 4.2: Summary table for case 1

Training Number of Training Testing
Parameter ‘C’ | Support Vectors| Accuracy (%) Accuracy (%)
0.1 72 72 72

1 39 90 89
2 31 92 87
10 22 93 87
20 22 93 89
40 21 98 89
60 19 99 89
80 20 99 93
100 19 99 93
165 16 99 93
200 17 99 93
300 10 99 91
400 10 99 91
500 10 99 91
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Values from the table are plotted in the form of a graph showunefi4.4 using Statistica with
training parameter values on the X-axis and the accuracgmages on the Y-axis. Optimal

cross validation value is found and highlighted in the graph.

Training Parameter 'C' vs Classification Accuracy
RBF Kernel (gamma = 0.5)

105

100

95

90

85t

Optimal Cross Validation Value Results ~ ~~ Training
g0 | -U- Testing

Classification Accuracy

75t

70

0.1 1 2 10 20 40 60 80 100 165 200 300 400 500

Training Parameter 'C'

Figure 4.4: Graph showing different ‘C’ values plotted against accuracyg level

30



The number of support vectors identified for each case is alsenpedsusing a graph (figure
4.5) where the training parameter values are plotted on the X&adtisumber of support vectors
on Y-axis. A screen shot of the Statistics results box disgaye results for the best case is

also presented in figure 4.6.

Training Parameter 'C' vs Number of Support Vectors
RBF Kernel (gamma = 0.5)

80

30 \1\
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Training Parameter 'C'

Number of Support Vectors

Figure 4.5: Graph showing different ‘C’ values plotted against number of supportsvector

31



B% Support Vector Machine Results: data org.sta E Z| [5__(|

Dataset data org.sta:
Lependent: Pemarks
Independent=: L1, LZ, Radl, RadZ, cenZcen
Sanple size = 92 (Train), 46 (Test), 138 (Owerall)

Support Wector machine results:
SV type: Classification type 1 (capacity=1le&L_000)
Eernel type: Radial Basis Function {(ganwa=0.500)
Number of support wectors = 16 (& bounded)
Support wectors per class: 9 (Compliant), 7 (Incompliant)

Clas=. accuracy (%) = 983_913(Train), 93_.478(Test), 97_101{(0werall)

LIE

Cluick, l Flots ] Cuztom predictiuns]

Sumrnary

i Sumrnary il

Cancel
i  Descriptive statistics

Predictions E' Options -

Inchude

[ Independents W Dependents W Predictions

@? Code generator =

[ Accuracy [ Confidence
Sample

£ Train
]l Predictions | [dH Histograms | ﬁ Save  Test

O Owerall

Figure 4.6: A screenshot of the Statistica results window.
Case 2: Radial Basis Function Kerne (gamma = 2.0)

The classifier equations are tested with radial basis function kernglaigiamma value of 2 and
different runs are made using different values of the training parametexaéh run, the number
of support vectors generated, the accuracy of classifyingataeinl the training set and testing

set are noted. The summary of all these observations are presented in th8.table 4.
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Table 4.3: Summary table for case 2

Training Number of Training Testing
Parameter ‘C’ | Support Vectors| Accuracy (%) Accuracy (%)
0.1 61 89 87

1 29 91 89
2 24 95 89
10 21 97 89
20 20 99 91
40 16 99 91
60 15 99 91
80 12 99 91
100 12 99 91
200 13 99 91
300 13 99 91
376 13 99 93
400 13 99 93
500 13 99 93
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The values from the table are plotted in the form of a graph shofigure 4.7 using Statistica
with training parameter values on the X-axis and the accupacgentages on the Y-axis.

Optimal cross validation value is found and highlighted in the graph.

Training Parameter 'C' vs Classification Accuracy
RBF Kernel (gamma = 2.0)
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Figure 4.7: Graph showing different ‘C’ values plotted against accuracyg level
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The number of support vectors identified for each case is alsenpedsusing a graph (figure
4.8) where the training parameter values are plotted on the X&adtisumber of support vectors
on Y-axis. A screen shot of the Statistics results box disglalyie results for the best case is

also presented in figure 4.9.

Training Parameter 'C' vs Number of Support Vectors
RBF Kernel (gamma = 2.0)
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Figure 4.8: Graph showing different ‘C’ values plotted against number of support vectors
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Ef Support Vector Machine Results: data org.sta

Dataset data org.sta:
Lependent: Femarks
Independents: L1, LZ, Radl, PRadf, cenZcen
Sample size = 92 (Train), 46 (Test), 138 (Owerall)

Support Vector machine results:
SVM type: Classification type 1 (capacity=376.000)
Fernel twype: Padial Basis Function (gamma=z._000)
Number of support wectors = 13 (1 bounded)
Support wectors per class: & (Compliant), 7 (Incompliant)

Class. accuracy (%) = 98_913 (Train), 93_478(Test), 37_101{0werall)
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Figure 4.9: A screenshot of Statistica results window.
Case 3: Polynomial Kernel (degree =2, gamma = 2, coefficient = 1)

The classifier equations are tested with polynomial kernel arferetit runs are made using
different values of the training parameter. For each run, the mwhbapport vectors generated,
the accuracy of classifying the data in the trainingagettesting set are noted. The summary of

all these observations are presented in the table 4.4.
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Table 4.4: Summary table for case 3

Training Number of Training Testing
Parameter ‘C’ | Support Vectors| Accuracy (%) Accuracy (%)
0.1 28 93 85

1 19 93 87
2 17 97 89
6 14 99 93
10 14 99 93
20 13 99 91
40 11 99 91
60 12 99 91
80 12 99 91
100 11 99 91
200 10 99 91
300 11 100 89
400 9 100 91
500 11 100 89
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The values from the table are plotted in the form of a graphrsiofigure 4.10 using Statistica
with training parameter values on the X-axis and the accupacgentages on the Y-axis.

Optimal cross validation value is found and highlighted in the graph.
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Figure 4.10: Graph showing different ‘C’ values plotted against accuradg leve
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The number of support vectors identified for each case is alsenpedsusing a graph (figure
4.11) where the training parameter values are plotted on the X+aisianber of support
vectors on Y-axis. A screen shot of the Statistics results ®plaging the results for the best

case is also presented in figure 4.12.

Training Parameter 'C' vs Number of Support Vectors
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Figure 4.11: Graph showing different ‘C’ values plotted against number of suppantsvect
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B Support Vector Machine Results: data org.sta

Dataset data org.sta:
Lependent: Pemarks
Independent=s: L1, LZ, Radl, RadzZ, cenZcen
Sample size = 9Z (Train), 46 (Test), 132 (Overall)

Support Wector machine results:
5WM type: Classification type 1 (capacity=&_000)
Eernel type: Polvyvnomial (degres=2, gawwma=F_ 000, coefficient=1_000)
Numher of support wectors = 14 (8 bhounded)
Support wectors per class: 8 (Compliant), & (Incompliant)

Class. accuracy (%) = 38913 (Train), F2.478(Test), 27_101l{0wverall)
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Figure 4.12: A screenshot of Statistica results window
Case 4. Polynomial Kernel (degree = 3, gamma = 2, coefficient = 1)

The classifier equations are tested with polynomial kernel arerelit runs are made using
different values of the training parameter. For each run, the muhbapport vectors generated,
the accuracy of classifying the data in the trainingagettesting set are noted. The summary of

all these observations are presented in the table 4.5.
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Table 4.5: Summary table for case 4

Training Number of Training Testing
Parameter ‘C’ | Support Vectors| Accuracy (%) Accuracy (%)
0.1 20 93 87
1 13 99 91

2 12 99 91
10 8 99 91
20 9 99 91
40 8 100 89
60 8 100 85
80 8 100 85

100 8 100 85
200 8 100 85
300 8 100 85
400 8 100 85
500 8 100 85
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The values from the table are plotted in the form of a graphrsiofigure 4.13 using Statistica
with training parameter values on the X-axis and the accuramemtages on the Y-axis.

Optimal cross validation value is found and highlighted in the graph.
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Figure 4.13: Graph showing different ‘C’ values plotted against accuradg leve
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The number of support vectors identified for each case is alsenpedsusing a graph (figure
4.14) where the training parameter values are plotted on the X+agisianber of support
vectors on Y-axis. A screen shot of the Statistics results ®plaging the results for the best

case is also presented in figure 4.15.
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Figure 4.14: Graph showing different ‘C’ values plotted against number of suppantsvect
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B Support Vector Machine Results: data org.sta

Lataszet data org.sta:
Dependent: Femarks
Independent=: L1, LZ, BRadl, RadZ, cenZcen
Sample size = 22 (Train), 46 (Test), 138 (Overall)

Sapport Vector machine results:
SVWM type: Classification type 1 {(capacity=1._.000)
Eernel type: Polynowmial (degree=3, gamwma=7_ 000, coefficient=1_000)
MNuamber of support wectors = 13 (& bounded)
Support wectors per class: 7 (Compliawnt), & (Inconpliant)

Class. accuracy (%) = 92_313(Train), 21.304(Test), 2&.377(0werall)
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Figure 4.15: A screenshot of Statistica results window
Case5: Linear Kernel

The classifier equations are tested with linear kernel aneréliff runs are made using different
values of the training parameter. For each run, the number of sygmbots generated, the
accuracy of classifying the data in the training set and teséingre noted. The summary of all

these observations are presented in the table 4.6.
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Table 4.6: Summary table for Case 5

Training Number of Training Testing
Parameter ‘C’ | Support Vectors| Accuracy (%) Accuracy (%)
0.1 73 78 76

1 39 93 85
2 30 93 85
10 22 93 85
20 20 93 85
40 20 93 87
60 18 93 85
80 17 93 87
100 16 93 87
200 16 96 93
300 15 96 93
400 15 96 93
476 18 97 93
500 19 96 93
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The values from the table are plotted in the form of a graphrsiofigure 4.16 using Statistica
with training parameter values on the X-axis and the accuramemtages on the Y-axis.

Optimal cross validation value is found and highlighted in the graph.
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Figure 4.16: Graph showing different ‘C’ values plotted against accuradg leve
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The number of support vectors identified for each case is alsenpedsusing a graph (figure
4.17) where the training parameter values are plotted on the X+agisianber of support
vectors on Y-axis. A screen shot of the Statistics results ®plaging the results for the best

case is also presented in figure 4.18.
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Figure 4.17: Graph showing different ‘C’ values plotted against number of suppantsvect
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B Support Vector Machine Results: data org.sta |E||Z| ['5__<|

Dataset data org.sta:
Dependent.: PRemarks
Independent=s: L1, Lz, Radl, RadZ, cenfcen
Sanple size = 92 (Train), 46 (Test), 138 (Owerall)

Support VWector machine result=s:
AV type: Classification type 1 (capacity=47&.000)
Eernel type: Linear
MNuamher of support wectors = 12 (7 bounded)
Support wectors per class: 2 (Compliant), 10 (Incompliant)

Cla=s=. accuracy (%) = 26 739 (Train), 33_472(Te=st), FL_&6LZ (0verall)
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Figure 4.18: A screenshot of Statistica results window
Case 6: Sigmoid Kernd (gamma = 0.2, coefficient = 0.1)

The classifier equations are tested with sigmoid kernel andreiiff runs are made using
different values of the training parameter. For each run, the mwhbapport vectors generated,
the accuracy of classifying the data in the trainingagettesting set are noted. The summary of

all these observations are presented in the table 4.7.
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Table 4.7: Summary table for Case 6

Training Number of Training Testing
Parameter ‘C’ | Support Vectors| Accuracy (%) Accuracy (%)
0.1 72 61 67
1 72 86 80
2 58 86 80
10 35 93 85
16 30 93 85
20 28 93 85
40 24 93 85
60 24 93 85
80 22 93 85
100 22 93 85
200 18 92 85
300 17 92 85
400 17 92 85
500 16 92 85

49




The values from the table are plotted in the form of a graphrsiofigure 4.19 using Statistica
with training parameter values on the X-axis and the accuramemtages on the Y-axis.

Optimal cross validation value is found and highlighted in the graph.
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Figure 4.19: Graph showing different ‘C’ values plotted against accuraelg le
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The number of support vectors identified for each case is alsenpedsusing a graph (figure
4.20) where the training parameter values are plotted on the X+agisianber of support
vectors on Y-axis. A screen shot of the Statistics results ®plaging the results for the best

case is also presented in figure 4.21.
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Figure 4.20: Graph showing different ‘C’ values plotted against number of suppantsvect
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B Support Vector Machine Results: data org.sta |E||Z| E|

Dataset data org.sta:
Dependent: Remarks
Independent=: L1, LZ, BRadl, RadZ, cenZcen
Sanple sizme = 32 (Train), 46 (Test), 138 {(Owerall)

Support Vector machine results:
STM twype: Classification type 1 i(capacity=1&6.000)
Eernel type: Sigmoid (gawwms=0_z00, cosfficient=0.100)
Numher of support wectors = 230 (Z5 bounded)
Support wectors per class: 15 (Compliant), 1% (Incompliant)

Class. accuracy (%) = 23_47%2 (Train), 84.783(Tesc), 20_520(0werall)
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Figure 4.21: A screenshot of Statistica results window
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4.5 Comparisons

This section compares all the results obtained from the diffesmds. After executing
the model with different kernel functions, the results where theifsp&ernel gave the best
results are identified and used for comparison along with otheelkerThe following table 4.8

summarizes all the findings.

Table 4.8: Case Studies summary

Kernel Training Train rate Test rate SVs
Parameter ‘C’ (%) (%)

Linear 476 97 93 18(7%)
Polynomial 6 99 93 14(8*)
(degree =2)

Polynomial 1 99 91 13(6%)
(degree =3)
RBF (gamma = 0.5) 165 99 93 16(6*
RBF (gamma = 2) 376 99 93 13(1*
Sigmoid 16 93 85 30(25%)
(gamma = 0.2, coeff = 0.1

* Bounded Support Vectors
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Chapter 5: CONCLUSIONS

This chapter presents insights into all the results obtainedtfremprevious chapter and
highlights the important conclusions that can be drawn from thgsasalAlso, the topics where
further research can be focused will be presented. The purptisis @fork was to develop a
support vector classifier model based on the experimental data in ordelitatéabe process of

e-quality control by avoiding the problem faced by time lag in the process.
The study was conducted under following assumptions:

1. The data used for analysis contained 138 different cases, whielohtained by running

the experiment with different test samples.

2. The model selection for training parameter C was based ondvefolss validation

approach.

3. The range of training parameter C values included 0.01 to 500, where much higher values
in the order of four digits and five digits can also be used bas&tharacteristics of the

data.

4. The parameters of the kernel functions were assumed based aoaltaedrerror basis, to

obtain the best accuracy levels.
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After analyzing the data obtained from the remote inspection Sumpport Vector
Machine Classifiers and testing the accuracy levels usirfgretit kernels the following

conclusions can be drawn.

1. Since the SVMs produce good classification results for data witarypioutcome, the

results achieved for this data were significant.

2. The highest testing rate (%) of 93 was achieved when usingi.iRelynomial and RBF

kernels in different cases.

3. Although, Polynomial kernel of second degree and RBF kernel with garalues had

slightly higher training rate (%) values.

4. Amongst all the cases, RBF kernel with gamma value 2 is ifigehtas the best
performer, as it has the lowest number of support vectors used iclagfication

method.

5. Heuristically, less number of support vectors signifies the robsstof the classifier.
However, this might not be true in all cases as it also depentt& srutber of bounded

SVs which are located between margins.

6. Less number of bounded support vectors indicates the robustness of the classifier.

7. The value of the training parameter ‘C’ identified as 376 for R&fhel also satisfies the

basic necessity for selecting the ideal training parameter.

8. If Cis too small, insufficient stress will be placed on fitting titeening data and if its

too large, the algorithm leads to over fitting the data.
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Future Research

Due to the above assumptions, the Support Vector model developed in thigxtimied the

following aspects that need improvement to enable this work to be powerful and useful:

1. The test samples used for this work are very simple in natane, complex pieces lead

to more variations in the data.

2. The data used contained only two output classes, the same appnoadtioche tried to

data containing multiple output classes.

3. The number of cases were also limited to 138, where analyzing more number afoases

lead to noise in the data, which then becomes a challenging aspect to deal with.

4. The maximum value of training parameter C used for analysiseaaised in the order

of thousands for more detailed sensitivity analysis of the data.

5. More emphasis can be given to radial basis function kernel,enther model can be

tested with a whole range of gamma values instead of limiting to just one or two.

6. The results obtained by using support vector machines can be contpawter

techniques like fuzzy logic, neural networks to analyze the similaritiediiacences.
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Appendix A: Experimental Data

L1
52.08
50.64
49.95
49.94
51.39
49.7
50
49.96
49.69
50.16
50.41
50.14
50.26
50.33
50.38
49.59
50.34
49.82
50.69
46.4
49.89
49.93
50.56
0.67
50.28
50.32
50.37
50.07
50.16
50.53
49.46
49.59
49.28
49.57

L2
50.43
51.56
50.97
51.34
50.79
51.19
51.17
51.17
50.4
50.85
50.41
50.79
50.79
51.31
51.57
51.17
51.24
50.99
51.18
51.69
50.3
50.53
51.18
50.84
52.81
52.73
50.92
52.59
52.78
50.88
51.17
51.17
50.39
51.17

radl
5.79
6.45
5.72
571
6.08
5.74
5.8
5.81
5.83
5.83
5.76
5.81
5.69
5.76
574
5.89
571
5.72
5.81
6.72
5.78
5.78
5.68
5.82
6.06
5.98
5.71
571
5.9
5.71
5.8
5.8
5.8
5.73

rad2
5.8
571
5.69
6.66
6.01
5.68
5.76
5.78
5.83
5.7
5.75
5.8
5.83
5.81
5.66
5.78
5.68
5.75
5.7
5.75
5.76
5.75
5.67
5.74
6.11
5.99
6.57
5.78
5.6
5.7
5.73
5.74
5.87
571

Appendix

cen2cen Remarks

36.97
36.92
36.9

37.14
37.05
36.77
36.89
36.94
38.57
36.82
38.29
36.81
38.47
36.66
36.86
36.86
37.02
36.82
36.91
37.13
38.32
36.76
36.92
36.87
36.95
37.04
37.03
36.8

36.92
36.83
36.92
36.88
38.42
36.88
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Incompliant
Incompliant
Compliant
Incompliant
Compliant
Compliant
Compliant
Compliant
Incompliant
Compliant
Incompliant
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