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Abstract

In many modern manufacturing industries, data tkharacterize the
manufacturing process are electronically collecied stored in the databases.
Due to advances in data collection systems and/sieabols, data mining (DM)
has widely been applied for quality assessment (QA)anufacturing industries.
In DM, the choice of technique to use in analyzanglataset and assessing the
quality depend on the understanding of the ana@stthe other hand, with the
advent of improved and efficient prediction techugg, there is a need for an
analyst to know which tool performs best for a jgatar type of data set.
Although a few review papers have recently beenlighid to discuss DM
applications in manufacturing for QA, this papeo\pdes an extensive review to
investigate the application of a special DM techmeignamely support vector
machine (SVM) to solve QA problems. The review pdeg a comprehensive
analysis of the literature from various points adw as DM preliminaries, data
preprocessing, DM applications for each qualitykta8VM preliminaries, and
application results. Summary tables and figuresa#se provided besides to the

analyses. Finally, conclusions and future resedirgttions are provided.

Keyword: Data mining; Quality assessment; Manufacturindustry; Support

vector machine.



1. Introduction

In order to meet the unigue needs, improve theoowst satisfaction, enhance
investor confidence, ensure effective managemeadt edficient administration,
guality assessment (QA) needs to be consideredpandtrate in all sectors of
each manufacturing organization. Due to the ind@ngasexpectations of
customers, quality must be continually improved ae@ processes of conformity
assessment should be adopted in manufacturing inegi@ms regarding to the
products and services they have to offer. It iswotthy that high quality never
happens by chance; it evolves over some time asuwdtrof experience. A vital
guestion for manufacturer may be addressed is hbat a manufacturer can
improve its product quality and yield. This questarises repeatedly during new
product development, in which a faster and moré¢esyatic way is needed |.
Although using precise first-principle models i timost reliable approach to
improve the quality, not only there is no develop®eddel for most newly
developed processes, but also modeling of a comphxstrial process is very
difficult and timely inefficient. Particularly, its difficult for manufacturers to
provide a precise first-principle model that cartimplly explain why defects
appear in products.

An effective way to solve this difficult problem issing of operation data.
Recently, data-based approaches have been widegptad for QA in various
industries. Many organizations have built integlattata-bases to store many
operation data from production sectors and protkatures data from inspection.

This storage involves several input and outputaideis with a huge volume of



data that are not possible for accurately being eteatd and/or optimized.
Accordingly, data mining (DM) and knowledge discovérom databases (KDD)
have been successfully applied for solving QA amutrol problems?2].

In order to select a proper technique and methonhitee quality data and
extract valuable knowledge in assessing produci@tems, manufacturers need
to first know about the quality tasks in manufaictgr This knowledge provides
how the input quality parameters are related to fthel outputs and how to
predict the output quality from the input qualitgrpmeters; how to classify the
quality of the products to find most important affeg parameters; and how to
optimize the input to obtain optimal output. Theowmhedge is gained by
reviewing the QA tasks in manufacturing. Accordindlour criteria: quality of
product and processquality prediction quality classification and parameter
optimization are described in this paper. The KDD and DM tespies witch help
manufacturer to extract the knowledge have beerewed. Since several DM
techniques have been developed in the literatugefiading the most proper one
is a challenging work, this paper suggests an iefficDM technique, namely
support vector machine (SVM) to the manufacturemdhes QA issues.
Researchers report that SVM show superior pred@igiower to other data mining
methods and techniques used in the domdains]. Its importance lies in the need
to develop predictive models from a reduced, mihimanber of input variables
which best summarize the overall input data rasglin maximal predictive
power. Dimensionality reduction is the process utadken in order to reduce the

number of independent variables utilized within @admining exercise. The



variables within the dataset are examined to seadf how they relate to, and
influence other variables. A SVM-based technigue Ibeen selected due to high

classification rates and to their high general@atbilities

According to above enumerated issues, the redteopaper is organized as
follows. Section 2describes QA in manufacturing including the rofeQ@A in
manufacturing and different quality related crigethat should be described
through the production system suchgasility of product and procespredicting
quality, classification of quality parameteroptimization and key parameter
extraction For better understanding of how KDD and DM tedes are utilized
to handle elaborated QA tasksSection 2 Section 3explains the application of
KDD and DM techniques in solving QA issues. For gesgjing a proper DM
technique to manufacturer to handle QA issdection 4discusses the SVM
technique and its features including soft and haedgins. Section 5 address a
comprehensive review of different papers applyidVSin their work. Finally,

the conclusion and further research directiongpeseided inSection 6

2. Quality assessment in manufacturing

This section provides an overview of QA tasks imuaofacturing in order to
better discover the production system and how Qsitpely contributes to the
quality of final products. First, a general intratlon of QA application in

manufacturing is provided. Next and as mentionecs@ation ] four criteria,



namelyquality of product and process, quality predictiauality classification
andquality optimizationare described in this Section.

Nowadays in many modern manufacturing organizationgta are
electronically collected and stored to charactetime manufacturing process. In
these organizations, data mining techniques cautibbeed to discover interesting
and useful rules in the manufacturing processessd@hules can be subsequently
extracted to enhance the whole manufacturing psogesareas such as defect
prevention and detection, reducing flow-time, irasiag safety, et¢3]. There are
several studies in the literature that examineitm@ementation of data mining
tools in manufacturing, while this paper focusegt@application of data mining
techniques in quality assessment (QA) of manufagysrocesses.

In QA of manufacturing systems, the most importask is to collect and
analyze the data to solve quality related problepuslity improvement programs
such as design for six sigma (DFSS), six signag, (8nd kaizen are encouraging
guality managers to collect data to attack quabitgblems, while advances in
automation and computer systems, data from manufagt processes is
becoming more and more availaljlg. Although traditionally several analysis
tools have been used in QA, but better techniqass been developed and now
are used to discover knowledge from massive dasa se

Nowadays quality problems involve several input aatput variables that are
not possible for accurately being modeled and/dimoped. Accordingly, data
mining (DM) and knowledge discovery from databag&®D) have been

successfully applied for solving QA and control desms [2]. Although



classification of DM techniques for a particularphpation area is challenging,
DM techniques have been typically classified asadaummarization,
classification, prediction, clustering and so orowdver, these classes highly
depend on the type of knowledge that can be disedvie databas€$,6]. In this
report, DM techniques are classified based$n

In the following, a classification of QA tasks wiiththe scope of this paper is
given first. Though many QA tasks take place thhmug the life cycle of a
product, Phadké¢7] classified the product life cycle process intoethiphases:
product and manufacturing process design, manufagtwf the product, and
usage of the product by the customer. In this teploe main focus is on certain
QA tasks occurring during the first two phases.

Through product and manufacturing process desigisghthree stages are
typically involved as: 1) conceptual design of ghreducts/processes, 2) setting
values of their design parameters, and 3) settolgrances for the design
parameter§2,4,7].

Regarding to QA activities during the product maatdiring phase, following
functions can be introduced as: 1) determiningofagcthat significantly impact
quality, 2) modelling relationships between inpuidaoutput characteristics of
quality, and 3) predicting quality levels for a @ivset of input parametefs).
Such quality analyses not only provide invaluatdedback to product/process
design phase, but also can be used as correctioaafor QA. Accordingly, due
to ease of collecting relevant data, most of DMligapons are expected to occur

in the phase of product manufacturidg.



The final phase of product development processiderssthe usage of the
product by the customers. In this situation, qugtierception can be improved
through repair or replacement of the product unvdamanty, and other services
beyond warranty4]. We have excluded DM applications involving QAadier-
sales services.

Broadly speaking, the QA and control activitiestthhee have considered in
this paper include some tasks ($egure ) in manufacturing phase of product
life cycle as followd4]:

{Pleaseinsert Figure 1 here}

» Describing the quality of product and proce&aiality of products or processes
can be defined or characterized by performing étlewing tasks:
= ldentifying factors and variables that significgrdffect quality;
= Ranking the factors and variables based on thgmifsgtance;
= Identifying how low, medium and high yielding prads can be typically

grouped in data, and finding the most effectivadge) that distinguishes
low and high yielding products.

* Predicting quality In production systems that quality of output prois can be
stated as real numbers, quality prediction involdeseloping models that
relate input characteristics of quality to the aifgand using such models to
predict what the resulting quality characteristatue will be for a given set of
input parameter values.

» Classification of quality This activity includes classifying the interested

quality characteristic such as nominal, binary eodiral outputs (such as



defects) into a set of given classes of the qualigng a set of input
parameters.

» Parameter optimizatian After finding the most important factors that
significantly affect the cases yielding high qualiparameter optimization can
be introduced as finding optimal levels of thesacpss/product-related factors.
After describing the QA tasks in manufacturing, nsathe time to know

about different methods and techniques that cantibeed to extract knowledge

for the above-mentioned criteria. These methodswalstudying the field of
deployment of SVM. For this aim, the following Seat 3 explains these

methods.

3. KDDin QA

This section provides a general introduction on KBl DM techniques to
handle enumerated QA tasks $®ction 2 First, KDD and DM are described,;
next, different criteria of KDD and DM techniqua® &laborated.

Nowadays, the amount of data stored in databasemcigasing at a
tremendous speed. Since data has become one aidstevaluable assets of a
business, organizations attempt to collect all &irad information about the
business process such as financial, payroll, arsiomer data, while in some
specific communities, a single experiment can keeaigrabytes of data. However,
even storing, let alone analyzing, such huge ansoohtlata presents many new
obstacles and challenges for us when we are drgwnidata, and yet starving for

knowledge.



This growing need leads to birth of a new resediedd called Knowledge
Discovery from Data (KDD) or Data Mining (DM), wihichas attracted attention
from researchers in many different fields includidgtabase design, statistics,
pattern recognition, machine learning, and dataahsation. Among different
research fields, industrial engineers whose duiesto optimize processes in
order to add more values to the system, prevens, lemd make future
uncertainties ineffective, data-mining plays as ey kand powerful tool for
evaluating and making the best decisions basedtareds data. However, the
potential of data-mining for industrial managers kat to be fully undiscovered.

Organizations always encounter needs of planning the future and
estimating the future values of business variabdsbecome a necessity for their
survival. These organizations require predictionfaecasting of supply, sales,
and demand for production planning, marketing andnicial decisiong8]. In
production and manufacturing systems, we face wahety of issues such as
supply-chain management, human factors, cost esbinga demand forecasting,
material requirements and enterprise resource pignmprocess optimization,
scheduling, sequencing, cell organization, andityuebntrol, but the knowledge
of data mining tools that could reduce the commigyhtmares in these areas is
not widely available. In the following, detail egplations are provided regarding

data mining definitions and its tools.

3.1. General data mining process
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Data Mining is the process of analyzing data fraffecent perspectives and
summarizing the results as useful information. Fegwet al.[9], Fayyad et al.
[10], Kantardzic[11], GorunescUl12], Romero and Venturd 3], Larose[14] and
McCue [15] have defined DM as "the nontrivial process of tdgimg valid,
novel, potentially useful, and ultimately understable patterns in data". The
DM'’s process utilizes machine learning, statistars] visualization techniques to
discover and present comprehensible knowledge. d&ere the word
“Knowledge” in KDD means the investigating and figug out patterns which are
extracted from the processed data, in which a ipatsean expression describing
facts in a subset of the data. Thus, the differdr@teeen KDD and data mining is
that “KDD refers to the overall process of discangrknowledge from data while
data mining refers to application of algorithms éxtracting patterns from data
without the additional steps of the KDD procesg§10,13-15). These two
different terms are used interchangeably by mastarchers, although DM is a
crucial and important part of KDD process. Accoghin Figure 2 shows the

overall steps of the KDD.

{Pleaseinsert Figure 2 here}

According toFigure 1 the process of KDD can be divided into three main

steps agable 1 the first step is to pre-process data that iretuseveral activities

such as data collection, data smoothing, data iclgandata transformation and

data reduction. The second step, normally calleid Daning (DM), involves data

11



modeling and prediction. Some researchers have alsosidered data
classification and prediction as activities of Di,which classification methods
encompass several sub-activities such as databeg®eantation, clustering,
deviation detection and etc., while prediction noeh are consisting of 1)
mathematical modeling approaches such as lineamantinear scoring (neural
nets), and advanced statistical methods includiegrultiple adaptive regression
by splines; 2) distance methods involving the n&ameighbor approach; 3) logic-
based methods like decision trees. The third fteglata post-processing that is
interpreting the information resulted from DM toolthen concluding or
transforming this information into valuable knowdged These steps and their sub-

activities have been schematically showifrigure 3

{Pleaseinsert Table 1 here}
{Pleaseinsert Figure 3 here}

The main goals of data mining are detection, imegtgtion, and prediction of
qualitative and/or quantitative patterns in dat@ &dchieve these goals, data
mining solutions employ a wide variety of methodsbbth predict and describe
interpretable and valuable information. Since tmpartance of description and
prediction can vary between different applicatiahgy can be fulfilled by any of
data mining tasks including: classification, clustg, regression, summarization,
deviation detection, and dependency mode]liriy16,17] A brief explanation for
different tasks of descriptive data mining can bevjgled:

» Classification— Classification is a data mining (machine leaghimethod

used to predict group membership for data insta(jtésl5, 18, 19).
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* Regression- considering either a linear or nonlinear modetiependency,
regression is to predict a value of a given comtiraly valued variable based
on the values of other variablgsl-15, 18]

» Deviation Detection— Through deviation detection, the most significan
changes in data from previously measured or novaatlues are discovered
[10, 13-15]

» Clustering— Clustering is a division of data into groupssohilar objects.
Each group, called a cluster, consists of objdtdre similar to one another
and dissimilar to objects of other groupg,14,15,20]

e Summarization- Summarization is to find a concise descriptiond subset
of data[10,12,15]

« Dependency modeling In some datasets, there are significant dep&neken
between valuables that dependency modeling tagk fnd a model that

describes significant dependencies between thegebles[12,14,15,20]

3.2. DM applicationin QA

Since KDD has been applied in various domainsiasre 4 this paper mainly
focus on the domain of quality data. In this settiwe discuss different papers
from various points of view as elaboratedsiaction 3 Data pre-processing before
performing the DM techniques in the quality tasks discussed first. Then, DM
in each of the quality tasks (i.e., sBection 3 in manufacturing systems are
reviewed. It should be noted that the third stegstjprocessing) of KDD will not

be reviewed in this section.
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{Pleaseinsert Figure 4 here}

3.2.1. Pre-processing of quality data
Two steps that are highly necessary before perfggnidM techniques are
data preparation and data preprocessing. Althdugite tis less attention regarding
these steps in KDD process in the literature. Belsame explanations are

provided regarding data preparation and preprocgsteps22].

Quality data preparation

Through reviewing different QA-related papers ire thiterature, it can be
understood that data have been collected by statlgt designed experiments
(DOE) such as 2- and 3-level full factorials, franal factorials, Taguchi
orthogonal designs, and so on. Another way to peepiata is done through
observation. This method is also common in theditee and these data are
obtained during online sensor measurements or fiistorical logs. Alternatively,
process simulations and simulated data sets alstedxand these were used to

test the performance of the algorithms uged?2,23]

Quality data pre-processing

Data pre-processing techniques have been perforimedrder to purify
datasets from missing values, outliers, incompéete inconsistent data. Most of
the purifying techniques are applied to the hisarbbservational type data sets.

On the other hand, data transformation could bartagh data pre-processing step,

14



in which normalization of the data has been thetnsosnmon transformation
technique rather than other techniques such as teingp transforming
categorical data to numerical, and adjusting ababdata, etc. another technique
of data pre-processing is data reduction. In da&@uction step, dimension
reduction is the most form used through varietytesthniques like: Subjective
Evaluation (SE), Analysis of Variance (ANOVA) andtificial Neural Network
(ANN). Subjective Evaluation SE is based on thgestlvity (understandability)
of the user who evaluates the patterns on the lmdismvelty, actionability...
ANOVA is a statistical method used to test differem between two or more
means. ANOVA is a particular form of statisticalployhesis heavily used in the
analysis of experimental data. A statistical hypsth test is performed for
making decisions using data. A test result (catedldrom the null hypothesis and
the sample) is called statistically significantitifis deemed unlikely to have
occurred by chance, assuming the truth of the hyflothesis. A statistically
significant result, when a probability is less thathreshold (significance level),
justifies the rejection of the null hypothesis. ANIKe computational models that
consist of a number of simple processing units ttmhmunicate by sending
signals to one another over a large number of viethbonnections.

In addition, data compression techniques such ascipal Component
Analysis (PCA) to obtain manageable sizes of dateehbeen also commonly
utilized for data reduction [4,22,23]. PCA, used thmension reduction, is a

statistical procedure that uses an orthogonal fibamsition to convert a set of

15



observations of possibly correlated variables iatset of values of linearly

uncorrelated variables called principal components.

3.2.2. DM in quality data
The number of DM applications in quality data, le®n increasing for the
last 10 years. This section provides a brief dption of some studies regarding
the application of DM in the quality tasks mentidn@ the beginning of this
section. Interested readers are referred4to22-23] for comprehensive review

from 2007 to date.

Describing the quality of product and process

Gardner and Bieker[24] studied the application of data mining in
semiconductor wafer manufacturing problems throwgimbination of self-
organizing neural networks and rule induction teniify the critical poor yield
factors from normally collected wafer manufacturidgta. Karim et al[25]
modified the original Growing self-organizing ma@3OM) for manufacturing
yield improvement through introduction of a clustgr quality measure to
evaluate the performance of the program in sepgyajood and faulty products
and a filtering index to reduce noise from the slataResults show that the
proposed method is able to effectively differemtigtood and faulty products.
Huang et al[26] explained that finding the sources of electromégneise is a

time-consuming process and they developed an wairilselection and fault

16



diagnosis based on the advantage of rough setyti@&T) which is a novel data
mining approach for dealing with vagueness and rtaicey.

Liu and Chien[27] developed a knowledge-based intelligent system for
WBMs defect diagnosis for yield enhancement in wallgrication. Their
proposed system consists of three parts as: gaplser interface, the wafer bin
maps (WBM) clustering solution, and the knowledgéabase. In particular, their
developed WBM clustering approach integrates spatitistics test, cellular
neural network (CNN), adaptive resonance theory TTAReural network, and
moment invariant (MI) to cluster different pattemféectively. In a similar work,
Chien et al[28] developed a manufacturing intelligence solutioat tintegrates
spatial statistics and neural networks for the c&ie and classification of WBM
patterns to construct a system for online monitpramd visualization of WBM
failure percentages and corresponding spatial ppatt@ith an extended statistical
process control chart.

Data mining techniques have been also applied intalm@roduct
manufacturing industry in order to describe prodamstl process quality, where
product/process attributes or variables affectinglity are determined, ranked
based on significance, or grouped based on sitndsri In packaging
manufacturing, De Abajo et 429] developed a tinplate quality diagnostic model
utilizing SE, genetic algorithm (GA), SOM, and daon tree (DT). In addition, in
a cutting process, Chang and Jiasig) applied PCA for dimension reduction, and
for a hot rolling process.

Predicting quality

17



Several papers have been published with the goajuafity prediction in
computer and electronic product manufacturing itgusChen et al.[31]
employed ANN in a chemical vapour deposition predesestablish a predictor of
product quality. Yang et dl32] used ANN to propose a quality control system for
the solder stencil printing process. Similarly, &hial.[33] used also ANN for
modelling nonlinear cause-effect relationships mmted circuit board (PCB)
manufacturing, whereas general regression neutalones (GRNNs) were used
in [34] for predictions in a spot welding process.

In metal product manufacturing industries, somehef applications of DM
techniques are as follows. Sung etfah] used well-known fuzzy regression (FR)
to predict the bead geometry in robotic weldingcgess that deals with a high
degree of fuzziness and also to build the relaligndetween four process
variables and the four quality characteristicspeetively. DM techniques have
been also applied to predict quality in other iridas such as plastics
manufacturing industrig6,37], chemical process industrigi3], and healthcare

[39].

Classification of quality

DM has been extensively applied in different fietdsnanufacturing in order
to classify the quality characteristics or predigtithe class of quality. Several
papers have been published with the goal of queli#gsification in computer and
electronic product manufacturing industry. As araraple, Chen et al[31]

established a quality predictor for analyzing thelationship between

18



manufacturing process parameter setting and firedyzct quality in the plasma-
enhanced chemical vapor deposition (PECVD) of sendactor manufacturing
by applying the back-propagation neural networkNBIy algorithm and Taguchi
method.

In metal manufacturing, quality classification hmed been applied as much as
quality prediction. For instance, Waf] discussed the nature and implications
of DM techniques in manufacturing and their impleta¢gions on product design
and manufacturing. In addition, Hou et[dll] employed RST together with fuzzy
set theory (FST) and ANN in conveyor belts manuwfacg for rule induction.
Regarding to other application of DM techniquesgurlity classification, DT was
used in ultra-precision manufacturifg]. An integration of SVM and DT has
been considered for continuous stirred tank reaet8l. Sarimveis et al[44]
considered ANN and FST for classifying the prodwpality in paper

manufacturing.

Parameter optimization

In computer and electronic product manufacturinglustry, Hung [45]
combined the Taguchi method with GA and ANN to tisam as the optimal tool
in wire bond designing parameters for an uitriaa chip scale package (CSP), and
then construct a set of the optimal parameter arsafiow and steps.

In metal manufacturing, Hamedi et &l6] considered optimization of three
important process parameters in the spot weldingebody components, namely

welding current, welding time, and gun force. Théyst experimentally
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investigated the effects of these parameters ocorahation of the sub-assembilies.
Next, neural networks and multi-objective genetigoathms were utilized to
select the optimum values of welding parameters yiedd the least values of
dimensional deviations in the sub-assemblies.

In other application, Nedic et al[47] presented a novel approach for
modelling traffic noise that is based on optimiaati They also applied four
optimization techniques in simulation of their wankluding: genetic algorithms,
Hooke and Jeeves algorithm, simulated annealing @adticle swarm
optimization. They also compared their work withsdical statistical model, and
superior capabilities of proposed model were detnatesl. In addition, Shen et
al. [37] determined the optimal values of process paraséteplastic injection
molding. Chiang et al.[48] used ANN for optimizing multiple quality
characteristics of a polymerization process. Hoakt[49] considered ANN
together with fuzzy rule sets (FRS) and expert esyst (ESs) in a slider
manufacturing process. Manimala et[al)] combined Wavelet Packet Transform
(WPT) and Support Vector Machines (SVM) to classifg power quality events.
In their model, the features of the disturbancenalg) are extracted using WPT
and then given to the SVM for effective classifioat

Based on the literature review of KDD and DM apgiicn in quality data,
most of researchers have demonstrated the efficiand applicability of SVM in
handling quality tasks. Therefore in the followinthis paper provides a
comprehensive review of SVM’s features and its i@pfibn in QA issues.

4. Support vector machine

20



The Support Vector Machine (SVM) is an advancedsifecation method
introduced by Boser et db1]. The SVM classifier has been widely employed in
different disciplines specifically bioinformaticsi@ to its high accuracy, ability to
deal with high-dimensional data such as gene egjes and flexibility in
modeling diverse sources of déa].

Although the SVM has been developed for solvingednty separable
problems, it is possible to generalize it in ortteclassify non-linear problems by
employing the kernel methdé3]. The kernel method is an algorithm that maps
the original data points into a higher dimensideakure space in which they can
be separated by a linear classifier. The projectbra linear classifier on the
feature space is a nonlinear one in the origimgdui) spacd54]. According to
[55], using kernel method has two advantages includihtje ability to generate
non-linear decision boundaries using methods dedidar linear classifiers, and
2) the use of kernel functions allows the usermplyaa classifier to data that have
no obvious fixed-dimensional vector space represemt.

In order to use SVM effectively, it is requiredunderstand how it functions.
Through training an SVM, the user needs to makeumber of decisions
consisting of: how to preprocess the data, whaheéieto use, and setting the
parameters of the SVM and the kernel. In the foltmythe preliminaries of SVM

linear classifier and kernel method are brieflylanped.

4.1. Preliminaries: linear vs. nonlinear classifiers

21



This section explains the preliminaries of SVM amddy SVMs are in the
category of linear two-class classifiers. In thdadér a two class learning
problem, objects are labeled with two labels cgroesling to the two classes; for
convenience we assume the label +1 for positivenpies and the label -1 for
negative examples. The boldfakedenotes a vector with components Let X;
denote thath vector in a datasd{(X;, y;)}/=,, wherey; is the label associated
with X;. Accordingly, the objectX; are called patterns or examp|&8§]. Besides,
the set of all examples is shown[Rslt is noteworthy that assuming the examples
as vectors will be relaxed once the kernel metherésemployed, in which the
examples could be any kind of continuous/discréefjeats.

Through defining a linear classifier, a key condsphe dot product between
two vectors (i.e., inner product or scalar prodwehich is defined asv/7x =
Y. w;x;. Accordingly, a linear classifier can be propossda linear discriminant
function (1).
fxX)=WTX +b Q)
whereW andb are the weight vector and the bias, respectivalya special case
whenb = 0, since we hav& "X = 0, the all pointsX are perpendicular t&/ and
go through the origin. That is, a line in two dim@ms, a plane in three
dimensions, and more generally, a hyperplane. Tles b translates the
hyperplane deviation from the origjf6]. The following hyperplane (2) divides
the space into two different regions and one redmnone class as shown in
Figure 5

X:f(x) =WTX +b =0} (2)

22



In addition, the sign of the discriminant functiftwx) for a specific poink;
denotes the side of the hyperplane tkatbelongs to (see alseigure 5. The
boundary between regions classified as positivernagative is called the decision
boundary of the classifier. A decision boundarga#ied linear when it is defined
base on a linear function of the input exampleg@sation (1). Accordingly, a
classifier with a linear decision boundary is adlla linear classifief56].
Conversely, the decision boundary of a classifiefingd based on non-linear

function of input examples is called non-linearssifier as illustrated ifigure 6

{Pleaseinsert Figure5 here}

{Pleaseinsert Figure 6 here}

4.2. LargeMargin Classification

In some cases, data are linearly separable and thests a linear decision
boundary that separates positive from negative plesn(see~igure 7. In this
section, we first consider that data are lineaglyasable, and later indicate how to

handle data that is not linearly separable.

{Pleaseinsert Figure 7 here}

In Figure 7 the circled data points are the support vectbes are closest

examples to the decision boundary. These exam@tsgndine the margin with

which the two classes are separated.
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In order to find the margin in SVM, consider a givieyperplane and lef*
and X~ are the closest points to the hyperplane amongdkéive and negative

examples, respectively. In addition, let consider horm of a vectow denoted
by ||W]| is its length, and can be statedvd8TW . Besides, le is a unit vector
in the direction ofW and is calculated a®/||W ||, in which |W| = 1. It is
obvious that the margin of the hyperplane for asifP, can be easily obtained

as equation (3).
me(f) = 3 WT(X* ~ X°) ©

whereX*t andX~ are equidistant from the decision boundary thataf constant
d, leads to equations (4) and (5) #6f andX —, respectively.
fXH=WTX*+b=d (4)
fX)=WTX"+b=—-d 5)

Making the geometric margin meaningful, the valfi¢he f(X) at the points
closest to the hyperplane are set equal to 1 {.e.,1) in equations (4) and (5).
By adding the two equations (4) and (5) and divgdimem byj|W ||, the following
equation (6) is obtained.

1

Lot e+ -\ —
mlp(f)=§WT(X —X)—m

(6)

4.3. SVM: themaximum margin classifier
Having the concept of a margin, now we can fornauldte SVM as a

maximum margin classifier. Two different margin S\MMn be defined as hard
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margin SVM and soft margin SVM. The hard margin SWMapplicable for a
linearly separable dataset, while for non-separdbta, the soft margin SVM is
developed57]. We first explain the hard margin SVM, and theogmse the soft
version. The maximum margin classifier is the dmarant function that
maximizes the geometric margit/||W || which is equivalent to minimizing

IW]|2. This issue leads to the following optimizationdab

min% lwW||? (7)
S.t.

yi(WTX; +b) =1 Vi=1,..,n (8)
W,b eR (9)

Constraint (8) guarantees that each example issifitas correctly. It is
noteworthy that constraint (8) is applicable whiea dlata is linearly separable. In
practice, data is often not linearly separable; eweh if it is, a greater margin can
be achieved by allowing the classifier to miscligssome points. For this aim, the
new constraint (10) is proposed that leads to tansafgin SVM.
yiWTX, +b)>1—¢ vi=1,..,n (10)
wheree; > 0 is slack variable that allows an example to béhm margin ( <
e; < 1) or to be misclassifiede( > 1). In addition, by limiting the value g% e;,
we can bound the number of misclassified exam@esordingly, the objective
function (7) is modified as new objective functi@i). Finally, the optimization

model is proposed as follow.
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n
1
min W1 +,12 e, (11)
i=1

s.t
yiWTX; +b) =1 —¢ vi=1,..,n (12)
W,beR,e =0 vVi=1,..,n (13)

where the constamt is a penalty to avoid misclassification and shts relative

importance of maximizing the margin and minimizthg amount of slack.

5. SVM in QA and data classification

The SVM is a popular supervised learning algoritinat has been employed
in many real-world problems such as fault diagngstg, image classification
[59], bioinformatics[60], geographical analysi$1l] and hand-written character
recognition[62]. Originally, the SVM is designed to solve binatgssification
problems, but multi-class extensions are also abka[63]. Hereafter, the most
related studies in SVM techniques and uncertaihtgput data are reviewed. The
section deals with a review of SVM applications@ading to the classification
mentioned in the section 2.
5.1. Quality description

Taboada et al64] employed SVM to create a quality map of a slagodé.
After defining the quality of the slate and thedbtion of the sampling points, they
used different kinds of support vector machines NISY including: SVM
classification, ordinal SVM and SVM regression tawl up the quality map. They

also compared the results with those for kriging. (iGaussian process regression)
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and concluded that the SVM regression and ordiNall utperform kriging and
have higher ability in terms of control of outliedso [65] proposed an auto
mechanism to classify customer messages basededadhniques of text mining
and SVM. Their proposed mechanism can filter thegages into the complaints
automatically and appropriately to enhance serdigeartment productivity and
customer satisfaction. They also used theontrol chart to control the
complaining rate under the expected service qudbtyel for the website
execution. In the experimental data, [[6&] builds a 224-keyword database, and
the correctness of SVM classification exceeds 868mpared to 76% for other
Chinese classification. Generally, text mining reekithe need for human effort
in message recognition and accelerates messagdingabg customer service
departments. This mechanism can promote the lefeteovice in website
management.

In SVM training, since the kernel parameters araduiee selection have very
important roles for higher accuracy, Moravej et/@h]| used two stage of feature
selection including mutual information featureesgion (MIFS) and correlation
feature selection (CFS) techniques, respectivelygrder to get optimal features
for the classifier, in which MIFS can reduce thendnsionality of inputs, speed
up the training of the network and get better pentnce and with CFS can get
optimal features. Their results show that the psepoclassifier has an excellent
performance on training speed, reliability and aacy. They considered several
typical power quality disturbances and the comparibetween their proposed

method and those of in the literature shows thatpfoposed method, effectively
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classify different kind of power quality disturbasccorrectly with the accuracy
of 98.40%. They claimed that the accuracy of theppsed method depends on
the selected features used for classifier.

Most similar to our work, Chou et db57] proposed a virtual metrology (VM)
system to increase the processing quality by enmpdoyonline quality
measurements during the manufacturing process.r dpproach outperforms
classical offine methods such as statistical psceontrol and predictive
maintenance, in which when an abnormal conditioours; it causes a large
number of scrapped substrates and the costs wskbeusly raised. The proposed
VM system not only fulfills real-time quality measment of each wafer, but also
detects the performance degradation of the correBpg machines from the
information of manufacturing processes. The VM ayst benefits from
hybridization of different methods such as: 1) pipal component analysis
(PCA) to obtain higher accuracy by the kernel fiorctapproach, 2) support
vector data description (SVDD) to obtain higherwmacy we obtain in novelty
detection module, and finally 3) genetic algoritf@A) and incremental learning
methods to increase the training/learning of suppector machine (SVM)
model. They finally concluded that the SVM apploabtains better prediction
accuracy than the radial basis function neural akwW(RBFN) and back-

propagation neural network (BPNN) approaches.

5.2. Quality classification
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Singh et al[68] constructed and applied support vector classifinatSVC)
and regression (SVR) models to the surface watalitgyudata to optimize the
monitoring program. The data set comprised of 1w@@r samples representing
10 different sites monitored for 15 years. The ofiyes of their study were to
classify the sampling sites (spatial) and montestoral) to group the similar
ones in terms of water quality with a view to reeldlceir number; and to develop
a suitable SVR model for predicting the biochemimaygen demand (BOD) of
water using a set of variables. Consequently, € $odel achieved a data
reduction of 92.5% for redesigning the future momig program and the SVR
model provided a tool for the prediction of the @aBOD using set of a few
measurable variables.

It is well known that, machine’s vibration is thedb indicator of its overall
mechanical condition, and an earliest indicatoran$ing defects. Accordingly,
Baccarini et al]69] used machine‘s vibrations alongside with SVM fonew
intelligent mechanical fault diagnostic method. Tgreposed method becomes
more attractive for online monitoring without manance specialist intervention.
Widodo and Yang70] developed an intelligent machine prognostics sysieing
survival analysis (SA) and support vector machiB&Nl). First, SA utilizes
censored and uncensored data collected from condutionitoring (CM) routine
and then estimates the survival probability ofuialtime of machine components.
Next, SVM is trained by data input from CM histaridata that corresponds to
target vectors of estimated survival probabilityteA validation process, SVM is

employed to predict failure time of individual unit machine component.
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Cui and Wang([71] investigated the performance of the support vector
machines classifier in the application of analogltfadiagnosis. In order to
improve the conventional “one against rest” SVthey employed the label
analysis mechanism that generates the refusal arkmh was then further
resolved by the introduction of high-dimensionabep discriminant analysis.
They proved the proposed method is successfulagndising two actual analog
circuits. Also, a comparison with other classifierscluding some usually used
SVCs and ANN, were carried out. Saimurugan e{7d] proposed a two-level
diagnostic system including DT and SVM. They us&&ME and nu-SVC models
of SVM with four kernel functions for classificatioof faults using statistical
features extracted from vibration signals underdgeoad faulty conditions of
rotational mechanical system. Initially, DT algbnt was used to select the
prominent features. Next, these features were gagennputs for training and
testing the c-SVC and nu-SVC model of SVM and tHeult classification
accuracies were compared.

Wu [73] presented a new version of fuzzy wavelet suppector classifier
machine to diagnosing the nonlinear fuzzy faulttexys with multi-dimensional
input variables in car assembly line diagnosis.yThandled fuzzy uncertainty in
input and output variables by integrating the fuzhgory, wavelet analysis
theory, Gaussian loss function andupport vector classifier machine. In order to
optimize the unknown parameters of the proposedyfuZaussian wavelet-
support vector classifier machine (TFQ¥A5VCM), genetic algorithm (GA) was

presented. The results confirmed the feasibilitgt #re validity of the proposed
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diagnosing method. In a similar work, Wu and[Ri]| presented a new version of
fuzzy support vector classifier machine by inteigatthe fuzzy theory and-
support vector classifier machine (W-SVCM), in which input and output
variables are defined as triangular fuzzy numbBosseek the optimal parameters
of TF v-SVCM, particle swarm optimization (PSO) was uglizto optimize
parameters of TF v-SVCM. In addition, Wu et[ab] combined the fuzzy theory,
wavelet analysis theory andsupport vector classifier machine (FASVCM).
GA was used to optimize the optimal parameters \&f +SVCM. In a more
simple work, Wu[76] combined the fuzzy theory witksupport vector machine
and applied GA to determine optimal parameters.

Gryllias and Antoniadig77], proposed a hybrid two stage one-against-all
SVM approach for the automated diagnosis of defeatlling element bearings.
In their model, the SVM is first trained using silation data. Then, vibration
measurements, resulting from the machine under itondmonitoring, are
imported and processed directly by the alreadynéi SVM. This method
eliminates the need of training the SVM with expesntal data of the specific
defective bearing. They also employed the datarpogissing approach in order to
overcome problems related to sudden changes afhidié rotating speed. In their
two-stage model, at the first stage, a SVM classieparates the normal
condition signals from the faulty signals. Next, the second stage, a SVM
classifier recognizes and categorizes the typhefdult.

Ekici [78] presented a new two-stage approach by combiningyel®ta

Transform (WT) and SVM to classify fault types gmedict the fault location in

31



the high-voltage power transmission lines. WT ipligal in the first stage to
reduce the size of feature vector before classiinaand prediction by SVM in
the second stages. Salem ef &) suggested an original fault signature based on
an improved combination of Hilbert and Park transi®. They created two fault
signatures including: Hilbert modulus current spaeetor (HMCSV) and Hilbert
phase current space vector (HPCSV). These two faighatures were
subsequently analyzed using the classical fasti&owansform (FFT).

Zhu and Hu[82] stated that as a black box, the support vectorhmacis
difficult for wusers’ understanding and explanatioro improve the
comprehensibility of SVMs, they proposed a rulerastion technique from
support vector machines via analyzing the distrdsutof samples. They also
defined the consistent region of samples in terindassification boundary, and
form a consistent region covering of the samplespd@hen a covering reduction
algorithm was developed for extracting compactesentation of classes.

Shokri et al]87] used Support Vector Regression (SVR) for onlinearegion
of product quality in refining processes. As chagsoptimal hyper-parameter
values for the SVR is a hard optimization probléngy developed some Hybrid
Meta-Heuristic (HMH) algorithms based on GA and P8Odetermine the
parameters as fast and accurate as possible. Inefature, in order to seek the
feature set used to construct a classifier, masttegiies have proposed the
elimination of features independently of classifmynstruction by exploiting
statistical properties of each of the variablesyiargreedy search. In a different

work, Maldonado et al[88] proposed two different Mixed Integer Linear
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Programming (MILP) formulations based on extensiafs Support Vector
Machines. The proposed approaches perform varisdllection simultaneously
with classifier construction using optimization netsl

Saidi et al[89] presented a novel pattern classification apprdachearings
diagnostics, which combines the higher order speatralysis (HOSA) features
and SVM classifier. The use of non-linear featunestivated by HOSA is a
promising approach to analyze the non-linear and@®aussian characteristics of
the mechanical vibration signals. The output of KO8.e., extracted bi-
spectrum features) is subject to PCA for dimengipnaeduction. Next, the
output of PCA was fed to SVM to distinguish foundts of bearing faults. Yin et
al. [90] proposed a new online fault diagnosis systemithaapable of updating
the class numbers in fault diagnosis in a dynarates Their system is based on
Incremental Support Vector Data Description (ISVD&nyd Extreme Learning
Machine with incremental output structure (IOELM$VDD is used to find a
new failure mode quickly in the continuous conditianonitoring of the
equipment.

Using the information contained in the vibratiograls, FernAndez-Francos et
al. [83] presented an automatic method for bearing fauéatien and diagnosis.
Initially, a one-class»-SVM is used to discriminate between normal andtyau
conditions. Next, in order to build a model of natroperation regime, only data
extracted under normal conditions is used. BesiBlaad-pass filters and Hilbert
Transform were then used sequentially to obtaindheelope spectrum of the

original raw signal that will finally be used toeidtify the location of the problem.

33



Nasiri et al.[63] formulated a least squares version of titalass support vector
classification (TwinKSVC) called as LSKSVC that leads to extremely simple
and fast algorithm. They examined the proposed KSVC on face datasets
indicate that the proposed method has comparalueracy in classification to
that of TwinKSVC but with remarkably less computational time.

Pooyan et al[58] developed Multi Label SVM approach (MLSVM) for
Process Fault Diagnosis (PFD) in a Dew Point podbst overcomes the
difficulties of the Mono Label Artificial Neural Neork (MLANN) approach
including the needs for a large number of datatgomth difficult data gathering
procedure and time consuming computation. In tkapep, simulation results
showed that the classification performance of theppsed MLSVM approach
with multiple regulation parameters is similar tA_ANN approach and better
than MLSVM with single regulation parameter. HowewdLSVM with multiple
regulation parameters has major advantages in awsopawith the MLANN
approach including requirement of smaller numbedata, easy data gathering
and lower computational time.

Similar to Yin et al.[93], Marnerides et all95] presented a fundamentally
new approach for classifying known Digital SubseribLine (DSL) level
anomalies by exploiting the properties of novekyedtion via the employment of
one-class Support Vector Machines (SVMs). Tomar Agdrwal [96] extended
the formulation of binary Least Squares Twin Suppbdiector Machine
(LSTSVM) classifier to multi-class by using the cepts such as “One-versus-

All”, “One-versus-One”, “All-versus-One” and Direadl Acyclic Graph (DAG).
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They also conducted a comparative analysis of thegda-classifiers in terms of
their advantages, disadvantages and computatiom@lplexity. Finally, they
concluded that all the proposed multi-classifieasenshown better performance
as compared to the typical multi-classifiers basadSVM and ‘Twin Support
Vector Machine'.

Jegadeeshwaran and Sugumagai proposed an online condition monitoring
by using SVM for the hydraulic brakes in automaohil&ince there are several
numbers of features, they employed decision treelissification of the given
problem as well as SVM. The selected features wiassified using the C-SVM
and Nu-SVM with different kernel functions. For moaccurate fault diagnosis,
they considered seven good statistical featurdgdimgy minimum, standard error,
sample variance, kurtosis, skewness, standardtdeyiand mean. By taking the
top five features into account, the RBF kernelh&f €-SVM classification model
reported better results, compared to other kenmsttions. They also concluded
that in comparison of the SVMs based on the kefasttions, radial basis
function (RBF) has more classification accuracpath types of SVM, and can be
suggested for practical applications. In order rigestigate the classification
performance of SVMs for multiple classes, Fu et[@&8] combined auxiliary
algorithms with SVMs including: Recursive Featutarithation (RFE) algorithm,
parameters optimizing methods and Two-Step Classiin strategy. They
concluded that classification ability and operatefficiency of SVMs are both
improved when dimension is reduced and Two-Stegdiflaation SVM (TSC-

SVM) works well under circumstances that sampleslap with each other. Tian
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et al.[100] studied a fault diagnosis method based on mod8kM, in which the
dimension of samples is effectively reduced by reige feature elimination
(RFE) algorithm, and computing time is saved atdame time. Couellan et al.
[101] proposed a collaborative variant of SVM namelyf-adbaptive SVM that
can handle binary classification, hyper parametelsction, multiclass learning as
well as unsupervised learning. The proposed selpee SVM provides simple
formulations of complex learning tasks that are stomes very difficult to solve
with classical optimization strategies.

In the one-against-all SVM for multi-label classdtion, the main problem is
that a data sample may be classified into a maitiel class that is not defined or it
may not be classified into any class. Accordinghpe [102] proposed fuzzy
SVMs (FSVMs) for multi-label classification, in wdh for each multi-label class,
a region with the associated membership functios defined and a data point

was classified into a multi-label class whose menstlip function was the largest.

5.3. Quality prediction

Liu et al.[80] extended SVM to the doubly regularized SVM (DrSViMised
on the elastic net penalty. They successfully adpbrSVM in handling variables
election while retaining (or discarding) correlateariables. Since solving this
model is challenging, they develop an iterativ&VM approach to implement
DrSVM over high-dimensional datasetSei et al. [81] proposed a wavelet
relevance vector machine in order to predict prodgaality and optimize

production process. However, there are compleximeat relationship among the
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product quality parameters and the production m®ceariables. The results
demonstrated that the proposed model has a highdicphon precision than the
common methods such as partial least squares (PaShogonal signal

correction-partial least squares (OSC-PLS), QuadRitS, kernel partial least
squares (KPLS), orthogonal signal correction-kepueatial least squares (OSC-
PLS), least squares-support vector machines (LS-S&idl ordinary relevance
vector machines (RVM).

Chen et al[84] proposed a novel intelligent diagnosis model basediavelet
support vector machine (WSVM) and immune genetigo@hm (IGA) for
gearbox fault diagnosis, in which WSVM is used ¢bve the diagnosis problem
with small sampling, nonlinearity and high dimemsand IGA is to determine the
optimal parameters for WSVM.

Bansal et al[85] studied an application of the SVM in multiclassaugdault
diagnosis when the gear vibration data in frequatwyain averaged over a large
number of samples is used. Since the training whatg not always be available at
all angular speeds of the gear, hence, they prdpwse novel techniques, namely
the interpolation and the extrapolation methodsesehtechniques that help the
SVM classifier perform multiclass gear fault diagisowith noticeable accuracy,
even in the absence of the training data at thngesngular speed. Similarly,
Zhang and Zhoul86] presented a novel procedure based on ensemblei@hpi
mode decomposition (EEMD) and optimized SVM for thfdult diagnosis of

rolling element bearings.
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In quality control domain, manual inspection andlaation of quality control
data has become a tedious task that requires tléstracted attention of
specialized personnel. On the other hand, autonratadtoring of a production
process is necessary, not only for real time prbduality assessment, but also
for potential machinery malfunction diagnosis. Rbrs reason, control chart
pattern recognition (CCPR) methods have receivied af attention over the last
two decades$91]. Consequently, Xanthopoulos and Razzd§hi proposed the
use of weighted support vector machines (WSVM) &utomated process
monitoring and early fault diagnosis, while oridifdVM demonstrate poor
performance when applied directly to these problems
5.4. Parameter optimization

Chen et al[92] proposed a parallel time variant particle swarmnogiation
(TVPSO) algorithm to simultaneously perform the gmaeter optimization and
feature selection for SVM, termed PTVPSO-SVM. Thalgorithm was
implemented in a parallel environment using Paralgual Machine (PVM). In
the proposed method, a weighted function was adotatedesign the objective
function of PSO, which took into account the averalgssification accuracy rates
(ACC) of SVM, the number of support vectors (SVagahe selected features
simultaneously. Yin et a]93] constructed a new fault detection scheme based on
the robust one class support vector machine (kc&#M). 1-class SVM is a
special variant of the general SVM and since ohb/riormal data is required for

training, 1-class SVM is widely used in anomalyea#ibn. Since the 1-class SVM
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is sensitive to the outliers included in the traghidataset, they proposed a robust
1-class SVM through designing penalty factors.

Since the Least squares SVM (LS-SVMs) are senditiveutliers or noise in
the training dataset, several researchers havdageekethe weighted least squares
SVM (WLS-SVMs) that can partly overcome this shoring by assigning
different weights to different training samples.wé&ver, it is a difficult task for
WLS-SVMs to set the weights of the training sampiekich greatly influences
the robustness of WLS-SVMs. Accordingly, Yang et[@#l] presented a novel
robust LS-SVM (RLS-SVM) based on the truncatedtlegsares loss function for
regression and classification with noise. They glsgposed an iterative algorithm
based on the concave—convex procedure (CCCP) anfli¢lvton algorithm in
order to solve the proposed RLS-SVM. Finally, tlteycluded the robustness of
RLS-SVM is higher than that of LS-SVMs and WLS-SV.Ms

Zhang and Zhan{8] employed the social emotional optimization aldorit
(SEOA) for machine training and parameter settifigsSVM. They modeled
machine training for SVM as a multi-parameter ofation problem which is
solved by SEOA. They also utilized SEOA not only fetting the SVM's
parameter, but also for optimizing the kernel fiortiparameter and error penalty
parameter of SVM.

As a result of this section, a gap analysis is don¢he literature of SVMs in
QA problems. Accordingly,Table 2have listed the detail of the more related
previous works. In order to better analyzing thesgan the literature, Figure 8

illustrates the percentage of studies in diffedtails. In order to better illustrate

39



the more mention the interest of the use of the S¥dlinique in QA, the Figure 9
shows the number of papers dedicated to the SVEly'stun QA domain during

the last years.

6. Conclusions and futureresearch directions

In many modern manufacturing industries, data tlcheracterize the
manufacturing process are electronically colleced stored in the databases.
Therefore, data mining tools can be employed faioraatically discovering
interesting and valuable knowledge and patternhenmanufacturing processes.
These knowledge and patterns can be subsequemigitexd to boost the whole
manufacturing process in such areas as defect mremeand detection, quality
improvement, reducing flow-time, increasing safety,

According to Section 4 it can be stated that the predictive and clasglfy
aspects of data mining alongside with parameteimigdtion are probably the
most developed parts. In data mining, it is obvitha the choice of technique to
use in analyzing a dataset and investigating diffeclasses of quality depend on
the understanding of the analyst. On the other hanldt of time is wasted in
testing every single prediction technique to fime toest solution that fits the
analyst's needs. Hence, with the advent of improamled efficient prediction
techniques, there is a need for an analyst to kmbwgh tool performs best for a
particular type of data set.

Recently, as one of the strongest prediction aasisdier tools, SVM is widely

used on diverse industrial data sets to predict @adsify the quality of the
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products. This paper presented the results of gooeimensive review of SVM
application in manufacturing industries to the Qdlgems. Based on the results

of Table 2andFigure § the following concluding remarks can be stated.

{Pleaseinsert Table 2 here}

{Pleaseinsert Figure 8 here}

* In many of the studies reviewed, data preprocessiathods have been used,
where the success of a DM study depends heavilythen success in
preprocessing of the data. Using different methmaslata handling practices
can be stated as an important future direction.

» According to comprehensive review in the applicatmf DM methods and
specially SVM in QA problems, it has been obsered there is an increasing
trend in the use of SVM method for QA. This can dttributed to the
availability of massive data sets in some manufaggudomains and the need
to improve processes with the intense competitiahé industries. In addition,
among different DM techniques, it has been showah #VM is an easy-to-use
method that is able to handle large dimensionalsdditwith different features.

* In most of the studies reviewed, non-linear SVM ahd use of kernel
functions are not reported at all, even thoughamby most of real datasets are
not linearly separable, but also the success of Biethod depends heavily

on the success in utilizing proper kernel functiosing different well-known
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kernel functions and developing pre-computed kerfuglctions on data
classifying practices can be stated as importantéudirections.

Regarding to performance comparisons, a few of isabave compared their
results with those of well-known DM methods in therature as well as with
traditional statistical methods, while traditiorgthtistical methods may still
provide valuable information. Comparison betweenViS&hd other methods
could be important for further researches.

In many of the studies reviewed, parameter settiraye been neglected, while
the success of a SVM method depends deeply orutloess in setting optimal
values for SVM parameters. Some papers have appiatd-heuristics to set
the parameters. Accordingly, using efficient metanistic algorithms on
parameter settings practices can be stated aspmntant future direction.

SVM methods have been developed either as stamé-alomore interestingly
as hybrid. According to the results, quality cléisation is the most frequently
used SVM function observed, alone or as a priagrdl part of optimization.
In most of the applications SVMs were used for fyarediction purposes as
well as parameter optimization in a few numberthefothers.

Since in many industries, input data are affectgdrcertain environment and
managers have no control on determining exact vdare them, data
uncertainty is an inherent property in various aapions due to reasons such
as outdated sources or imprecise measurement. \ddtarmining techniques
are applied to these data, their uncertainty hdsetoonsidered to obtain high

guality results. In order to cope with uncertaiput) the classical SVM can be
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modified to obtain a robust classifier that is ms@ve to and able to handle

data uncertainty.
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I.  Data Preprocessing Data preparation
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l. Data Post-processing Result interpretation
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Table 2.Details of related works (Continues)
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