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1. Introduction

One of the most popular data mining and machine learning algorithms is Support Vector Machine (SVM) [1], [2],
[3], [4], which is presented by [5] as a classifier technique [6], [7]. However, SVM still captures researchers’
attention even after about more than twenties years of research. This is due to its excellent classification
performance, which was built on a statistical learning approach, and its problems that are still not completely
solved. These problems are related with how to set SVM parameters as well as how to select the best feature subset
[8].

The main concept of SVM is to obtain the Optimal Separating Hyperplane (OSH) between the positive and
negative samples. This can be completed through maximizing the margin between two parallel hyperplanes. By
finding this plane, SVM can then forecast the classification of unlabelled samples to be asked on which side of the
separating plan the sample lies [9], [10], [11], [12], [13], [14], [15], [16], [17], [18]. SVM in fact is also named as
maximum margin classifier [19]. Margin means the distance of the closest training sample to the hyperplane [20],
[21], [22], [23], [24], [25], [26] [27].

SVM was improved based on the concept of structural risk minimization [17], [22], [28], [29], [30], [31], [32],
[33], [34], [35], which means, it decreases the trade-off between the experimental mistake and the difficulty that
arises from the classification of estimating functions to prevent over fitting [21], [36]. The concept of structural
risk minimization plans the data into high dimensional domains via kernel functions by using kernel tricks [37],
[38], [39], [40], [41], [42], [43].

SVM has an extremely good generalization capability and strong theoretical foundation [34], [43]. Generalization
capability can be defined as the ability of SVM to classify unknown data examples correctly through constructed
SVM. This is achieved by learning SVM from training examples, which is also known as SVM performance [44].
SVM manipulates the “curse of dimensionality”, which means the computational complexity for the SVM training
or testing is not affected by the feature space dimensionality [34], [37].

The work of the SVM algorithm will be as follows: given a training dataset, where each sample has been assigned
to belong to one of two groups, an SVM training algorithm constructs a model that assigns new examples into one
group or another [45].
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There are two types of SVM: binary and multi-class. Binary SVM is the core of SVM. It is capable of
distinguishing between two classes. Multi-class SVM expands binary SVM by being able to classify three or more
classes. The main algorithm involved in multi-class SVM is to divide the classification problem to many binary
problems with its own classifier [46]. Two main methods are related to SVM multi-class classification: One-
Against-All (OAA) and One-Against-One (OAO). In OAA, a group of binary classifiers are trained to isolate each
class from all others. Based on the largest decision value, each data object would be classified to the class. The
main advantage of this method is its fast approach; unfortunately, it is prone to errors obtained from the marginally
unstable training groups. The other method, OAO, is a sequence of classifiers that is implemented on a pair of
classes with the popular calculated class preserved in each object. Subsequently, a max-min operator is applied to
calculate to which class the object will finally be allocated. This method is considered as being more accurate, but
it is slower than OAO [47].

Nevertheless, there are two main problems in the SVM classifier that influence the classification accuracy; these
are: (a) tuning SVM parameters to be used in the SVM classifier, which is also known as Model Selection (MS);
and (b) selecting the optimal feature subset. These two problems are essential because they affect each other [48],
[49], [50], [51], [52], [53], [54]. Other SVM problems include selecting suitable kernel functions [15].

The objective of this review is to summarize and record a comprehensive survey on the two most important
problems in SVM. By providing the information related to the two main problems, this study aims to inspire further
research in exploring the new least studied area or any potential in the area of SVM classifier problem with better
insight into potential algorithms that can be applied to solve these problems. This review has concentrated on those
publications that are considered most significant, within the authors’ knowledge on SVM classifier problems from
2008 to 2013.

The paper is organized as follows: the main problems of SVM are presented in Section 2. Additionally, this section
is divided into two subsections; the first one, Section A, discusses the Model Selection (MS) problem, while the
second part, Section B, is related to the problem of selecting suitable feature subset to be introduced to the SVM
classifier. Next, in Section 3, the solution algorithms designed to solve the SVM classifier problems are discussed
and classified into non-simultaneous approach and simultaneous approach, which in turn, are divided into other
subsections that deal with solving MS problem and feature subset selection problem. Further, the datasets used to
classify the SVM classifier from the related literature are also discussed. Finally, the summary on the SVM
classifier problems with new potential research directions are presented in Section 4.

2. Support Vactor Machine Problem

The classification work of SVM strongly depends on selecting the appropriate kernel parameter and suitable value
for the regularization parameter C [40], [44], [55], [56], [57], [58], [59], [60], [61], [62], [63], [64], [65], [66].
Additionally, selecting small numbers and suitable feature subset has an effect on the performance of SVM [34],
[42], [55], [58], [67], [68], [69], [70], [71]. The following two subsections discuss these two main problems.

2.1. Model Selection

SVM has recently been seen as a stronger approach for resolving difficulties in pattern classification; however, its
execution depends, especially, on the variables chosen for it [72], [73]. Variables chosen for SVM are very
complex and difficult to resolve via conventional optimization approaches [74], [75], [76], [77]. The difficulty in
selecting the values of SVM variables that decrease the prediction of test error is called the MS problem [64], [75],
[78],[79], [80], [81]. However, researchers use previous skills in choosing SVM variables. In order to seek suitable
variable groups, some implementation conditions of the prototype need to be selected. This point, at which a
minimum training group mistake or validation group mistake is achieved, is chosen as the variable group to apply
training and thereafter forecasting [82].

The variables involved in optimization, C and kernel parameters, are necessary in constructing a successful and
highly executable SVM prototype. When utilizing SVM, it is difficult to choose parameters in order to obtain a
high generalization execution. Therefore, investigating better approaches to choose optimal variables is often
carried out. The purpose of optimizing variables for SVM is to obtain variables that decrease generalization
mistakes [83], [84]. It is seen as difficult because it requires either exhaustive searching through the space of
variables or optimizing approaches that discover only a bounded subgroup of the potential values [85]. There is
also no regular methodology that accepts advance approximation of their optimal values. In fact, in the present
classification work, obtaining good values for these parameters is not an easy MS problem that requires either an
exhaustive search through the space of hyper variables, or an optimization approach that searches only a bounded
subgroup of the potential values [44]. Below is a discussion on these SVM parameters.

2.1.1. Regularization Parameter C

The regularization parameter C monitors the trade-off between the complexity of the machine and the amount of
non-separable points (training error). In other words, the C parameter monitors the trade-off between margin
maximization and error minimization [44], [86], [87], [88]. If C is too large, the assessment of precise percentage
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is very high in the training stage, but very low in the testing stage. If C is too small, the assessment precision is
unsatisfied, and the model is useless [89].

2.1.2. Kernel Function Parameter ¥

The kernel function parameter ¥ indirectly defines non-linear planning from the input domain to a high dimensional
feature (attribute) domain, where the maximal margin hyperplane is obtained [44], [88]. An extremely large value
for kernel parameter can be due to over fitting; otherwise, it is due to under fitting. Kernel parameter has much
greater impact on assessment than C [89].

2.2. Feature Subset Selection

One of the important components of machine learning is feature analysis, which includes two main operations,
namely feature extraction and Feature Selection (FS) [90], [91]. FS is the process of determining a subset of fields
in the database, minimizing the number of fields that appear during data classification [48], [92], [93]. The main
idea behind FS is to select a subset of input variables by deleting features that contain less or no information [94].
FS aims to decrease the dimension of the initial feature group by determining the unauthentic features, which
would eventually supply the best performance under a certain classification dataset [95], [96], and to delete
unrelated, unneeded, or noisy features while preserving the richness of the instructive ones [97], [98]. FS may be
considered as an optimization problem that seeks potential feature subsets, which ultimately determines the
optimal one [97]. Exhaustive search is the easiest way to identify the best subsets. A FS problem is a hard
combinatorial process in machine learning, but it has high practical importance [99].

SVM is not able to avoid the influence of huge numbers of unrelated or redundant features on the classification
results. Thus, selecting a few numbers of suitable features would result in obtaining good classification accuracy
[34].

2.3. Kernel Function Selection

There are many types of kernel functions, such as polynomial, Radial Base Function (RBF), linear and sigmoid
kernel function. RBF is the most popular kernel function because of its capability to manage high dimensional
data [100], good performance in major cases [101], and it only needs to use one parameter, which is kernel
parameter gamma (¥) [48]. However, the disadvantage of RBF is that it will fail if it deals with large numbers of
features [51].

3. Solutions to SVM Problems

There are two main strategies to classify the patterns using SVM: non-simultaneous and simultaneous. Below is a
full discussion on these two approaches.

3.1. Non-Simultaneous Approach

The non-simultaneous strategy may be divided into two approaches: optimizing only the value for the SVM
parameters, or optimizing only the feature subset selection. One of the main downsides to the non-simultaneous
strategy is that selecting the feature subset and tuning the SVM parameters are completed separately and this would
greatly influence the classification process as there might be a loss of relevant information during this process [42].
The non-simultaneous algorithms can also be divided according to the type of algorithms that have been used, i.c.,
non-heuristics search algorithms and heuristics search algorithms. The subsections below discuss these search
algorithms.

3.1.1. Non-Heuristics Search Algorithm for Model Selection Problem

The non-simultaneous strategy may be divided into two approaches: optimizing only the value for the SVM
parameters, or optimizing only the feature subset selection. One of the main downsides to the non-simultaneous
strategy is that selecting the feature subset and tuning the SVM parameters are completed separately and this would
greatly influence the classification process as there might be a loss of relevant information during this process [42].
The non-simultaneous algorithms can also be divided according to the type of algorithms that have been used, i.e.,
non-heuristics search algorithms and heuristics search algorithms. The subsections below discuss these search
algorithms.
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Table 1: Summary of non-optimization solutions for SVM MS problem

Ref. SVM Class MS Algorithm Kernel Dataset
[37] Binary GS ARD 4 UCI
[70] Binary GS RBF Three UCI datasets

k-NN, nearest enemy, redundant fast

[86] Binary clustering and 10-fold CV Gaussian 6 UCI datasets
New Gaussian kernel parameter
. selection method is proposed and then .
[88] Binary integrated with a one-dimension CV Gaussian suct
seek mechanism
ulti aussian real-world problems
100 Multi GS Gaussi 12 real 1d probl
inary anua aussian onk’s problem
101 Bi M 1 Gaussi Monk’ blem UCI
inary atients
102 Bi GS RBF 154 Pati
[103] Multi Manual Linear Liver disease metabolism
. . Electro Cardio Gram signal
[104] Binary 5-fold CV Gaussian and toy dataset
[105] Multi Manual RBF 6 UCI datasets
[106] Multi Kernel matrix approximation Gaussian > UCI, Statlog and Delve
dataset
[107] Binary GS RBF WlsconsmUbCr:fI:ast cancer
[108] Binary 2 =100 and .C = 1000 computed by RBF 3 medical UCI
trial and error
[109] Binary 10-fold CV Gaussian, 4 datasets
polynomial

. Banana dataset from
[110] Binary GS-based ACO technique RBF International Development
Association repository

From Table 1, it can be seen that binary SVM classifier was the most used class as compared to multi-class SVM
classifier. Furthermore, GS, CV, and manual approaches were the most commonly used algorithms to tune SVM
parameters. Besides that, RBF, Gaussian, and UCI datasets were the favourite kernel function and repository
datasets that have been used by the authors.

3.1.2. Non-Heuristics Search Algorithm for Feature Subset Selection Problem

In order to select the feature subset, it can be seen as three groups, depending on how the classification model is
built using machine learning and FS search, namely wrapper, filter, and embedded (also known as the hybrid
approach) [100], [104], [106], [111], [112], [113], [114]. Filter and wrapper approaches may be further classified
into five main methods: forward selection, backward elimination, forward/backward combination, random choice
and, finally, instance-based method [115], [116].

A filtering method can be used in the pre-processing phase to minimize space dimensionality, over fitting, and
independency on the classifier. The main idea behind using a filtering approach is to look for related features and
delete the non-related features through using statistical measurements [100], [104], [111], [106], [112], [117],
[118], [119]. There are two steps in using a filter approach: in the first step, criteria such as information, distance,
dependence, or stability are used for FS without the classifier; in the second step, with the selected features, a
classifier would learn from the training data and be examined on the test data [100], [111], [119].

A wrapper approach searches through the area of all potential feature subsets by applying the forecasted accuracy
based on classification algorithms. These approaches are exhaustively calculated and rely on the classification
algorithm. However, they also consider feature dependencies [39], [100], [104], [106], [112], [117], [118], 120].
A wrapper approach is seen as useful, but is very slow to run because the learning approach is called repeatedly.
Hence, wrappers do not perform well on large datasets that have many features [104], [106], [117], [118], [121].
The quality of features and feature subset size are often used as the terminating condition in wrapper techniques
[100]. The wrapper approach involves two steps: (i) choosing the good feature subset by utilizing the accuracy of
the classifier (on the training data) as a condition to learn and understand; and (ii) a learning classifier is taken
from the training data with the best feature subset, and would be examined on the test data [119].

In the hybrid or embedded approach, the advantage of both feature and wrapper techniques is utilized. The optimal
feature subset is constructed into the classifier when it is being built. The interaction with classification prototype
enhances the calculation complexity and considers feature dependencies [111], [112], [118].

If a comparison is made between filter and wrapper approaches, it is obvious that the filter approach is able to
perform at a much faster rate as compared to the wrapper approach. Therefore, it can be used on large datasets
with many features. The generic existence allows them to work with any learner. This is not the same when it
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comes to the wrapper approach because it needs to be re-executed when changing from one learning approach to
another. The filter technique is more efficient than the wrapper technique based on calculation. However, a major
disadvantage is that an optimal selection of features may not be treated separately from the inductive and
representational influences of a learning approach, which is used to build the classifier. The wrapper technique, on
the other hand, includes extra calculation, which measures the nominated feature subset by running a provided
learning approach on the database using each feature subset under restriction [37], [104], [106], [117],[118], [122].
In literatures, techniques like Balance index, Recursive Feature Elimination (RFE), Embedded RFE, Improved F-
score Sequential Forward Search (IFSFS), Term Frequency-Inverse Document Frequency (TF-IDF), minimum
Redundancy-Maximum-Relevance (mRMR), Kernal F-score FS (KFFS), Mutual Information (MI), Particle
Swarm Optimization (PSO), filter and wrapper techniques have been used in order to select SVM feature subset
and datasets like Electro Encephalo Graphy (EEG) signals, Electro Cardio Gram (ECG) signal and UCI datasets
were used to test SVM performance. Studies related to the FS algorithm and dataset for testing are summarized in
Table 2.

Table 2: Non-optimization solutions for SVM feature subset selection problem
Ref. FS Algorithm Dataset
[37] Kernel polarization Four UCI datasets
Toy and ten alternation commercial

Gaussian marginal densities for a Bayesian prototype,

[67] wrapper approach Tunisian banks during a period from
2000 to 2006

[70] Improved F-score (filter approach) and IFSFS Three UCI datasets

(wrapper approach)
[100] Fuzzy complementary criterion (forward filter Twelve real-world classification
technique) problems

[102] Balance Index 154 Patients

[103] Embedded RFE Liver disease metabolism

[104] Embedded ECG signal and toy datasets

[106] MI (filter approach) and discrete PSO (wrapper Six UCT datasets

approach)
[107] F-score Wisconsin breast cancer UCI dataset
[108] KFFS Three medical UCI datasets
Diabetes and Wisconsin Breast Cancer
. . datasets from UCI
[109] Wrapper technique basledtgn sequential backward Colorectal Microarray and Lymphoma
selection Microarray datasets from DNA
microarray
[123] RFE EEG signals
1) a method that gathers Kullback-Leibler MI and
[124] distance information; (2) a text mining method, TF- 100 bacterial genomes
IDF; (3) mRMR

From Table 2, it can be seen that many different approaches have been used for the feature subset selection
approach. Similar to non-optimization solutions for the SVM MS problem, UCI datasets were also the most
commonly used repository in the abovementioned studies.

3.1.3. Heuristics Search Algorithm for Model Selection Problem

The variables chosen for SVM are very complex and difficult to resolve via conventional optimization approaches
[74], [75], [76], [77]. Therefore, investigating better approaches to choose optimal variables is often carried out.
The purpose of optimizing variables for SVM is to obtain variables that decrease generalization mistakes [84],
[124]. In fact, in the present classification work, obtaining good values for these parameters is not an easy MS
problem that requires an optimization approach that searches only a bounded subgroup of the potential values [44].
Many researchers choose SVM variables experimentally by applying a bounded number of values and preserving
the values that provide the minimum test mistake. Manual selection is avoided because it is not accurate and does
not provide any assurance on the quality of the result [85]. Evolutionary algorithms such as Genetic Algorithm
(GA), PSO, Simulated Annealing (SA), Ant Colony Optimization (ACO), Differential Evolution (DE), and Bare
Bones Differential Evolution (BBDE) as well as Multi-Layer Perceptron (MLP) can simplify the choice of optimal
value processes for SVM parameters [30], [44], [78]. Table 3 summarizes the literature that used optimization
approaches to solve the SVM MS problem.
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Table 3: Summary on optimization solutions for SVM MS problem

Ref. MS Algorithm Kernel Function Dataset
[15] GA RBF Eight UCI datasets
BBDE hybrid with . .
[30] barebones PSO and DE --- Iris, Breast, Sonar and pima UCI data set
Breast cancer, diabetes, heart, thyroid and
[44] ACO and GS RBF titanic UCI datasets
Linear,
[57] DE polynomial, RBF, Target Miner and two UCI datasets
sigmoid
[59] Standard PSO and real GA RBF Letter recognition database and speech dataset

for speaker recognition processes
banana, breast cancer, diabetes, flare-solar,

GA with a gradient descent German, heart, image, ring norm, splice,

[63] method RBF thyroid, titanic, two norm, and waveform UCI
datasets
[64] PSO and GA -
[110] GS-based ACO RBF One dataset
[125] GA RBF 2,300 mobile phone reviews data
[126] PSO RBF Erythematous-squamous disease UCI dataset
GA, PSO, feed forward Linear, qua dratic,
[127] Gaussian, ---
MLP .
polynomial
[128]  Exponent weighted ACO - Chinese text provided by Sogou Labs
[129] Modified PSO Gauss, wavelet -—-
[130] SA . Hepeatitis disease, tyvo—splral dataset and a chain
link dataset
Five datasets, three from UCI and two found in
[131] GA RBF LibSVM
[132] ACO -
[133] ACO Gaussian Chinese bank credit risk

From Table 3, it can be seen that PSO, GA, SA, DE, and ACO were the most used optimization algorithms to tune
SVM parameters. RBF, Gaussian, and UCI datasets were the most applied kernel function and dataset repository
that have been used in the studies.

3.1.4. Heuristics Search Algorithm for Feature Subset Selection Problem

Feature subset selection is considered as a problem that needs to be optimized. Researches related to FS constantly
deal with the issue of choosing suitable input features to produce good classification results. Therefore, it has been
noticed that successful application using datasets of large numbers of features would be difficult to manipulate
[39],[70], [134], [135], [136], [137]. In order to find the optimal feature subset for SVM, optimization techniques
such as Empirical model decomposition (EMD), Association Rules (ARs), Kernel Condition Random Field
(KCREF), Principle Component Analysis (PCA), Tabu Search (TS), SA, GA, PSO, ACO, Ant System (AS), Elitist
Ant System (EAS) and Ant Colony System (ACS) can be used to select the suitable features [115], [116]. Table 4
summarizes the literature that used optimization approaches to solve the SVM feature subset selection problem.

Table 4: Summary of literature on optimization solutions for SVM feature subset selection problem

Ref. FS Algorithm Dataset
[52] ACO and GA via a wrapper approach Lab plant image database of a cotton area
[55] ACO 15 non-image UCI datasets

EMD method to extract features, distance

[89] evaluation method to select features subset Vibration signals from rolling element bearings
[126] Ars Erythematous-squamous disease UCI dataset
KCREF to segment words, extract features and
[128] representation, PCA and noise elimination Chinese text provided by Sogou Labs
threshold to select feature
[129] Dynamic weighted ACO Eight UCI datasets
Average linkage method and then computed t-
[133]  tests for each feature. After that, rough sets are Chinese bank credit risk

utilized to select suitable feature subsets
[138] ACO-Selection (ACO-S) Five microarray datasets
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1,445 online Arabic newspaper archives, taken
[140] AS and EAS from Al-Jazeera, Al-Nahar, Al-Hayat, Al-Ahram,
and Al-Dostor
Ten binary datasets taken from statistical and UCI

[148] Integrating ACS via a wrapper approach datasets

It can be seen from the summary that ACO is the most used optimization algorithm to optimize feature subset
selection for SVM classifier. Moreover, UCI was the most used dataset repository in these studies.

3.2. Simultaneous Approach

SVM has been used to solve classification problems with acceptable accuracy while simultaneously optimizing
both feature subset selection and SVM parameters. The current research direction has moved towards
simultaneously optimizing both feature subset selection and tuning SVM parameters by using optimization
algorithms. This approach will increase the classification accuracy because selecting the suitable feature subset
and values for SVM parameters influence each other, and in turn, will influence the classification accuracy [39],
[48], [49], [51], [53], [54], [58], [141], [142], [143], [144], [145], [146]. Techniques such as Mixed-Variable ACO
with continuous ACO (ACOR) to optimize continuous parameters (ACOwmv.r), PSO, ACO, GA, Immune Clonal
Algorithm (ICA), Cat Swarm Optimization (CSO), Clonal Selection Algorithm (CSA), Real-valued Gravitational
Search Algorithm (RGSA), Binary (discrete) GSA (BGSA), and Adaptive Cohort Intelligence (SACI) are used to
simultaneously optimize feature subset selection and value for SVM parameters.

A total of fourteen similar works [48], [49], [50], [51], [53], [54], [93], [141], [143], [146], [147], [148] suggested
using hybrid systems to enhance classification accuracy by using limited, suitable feature subsets. All fourteen
works optimized feature subset and SVM parameters, which are C and ¥ RBF kernel variables, simultaneously.
Ultimately, SVM is used to measure the quality of the solution for all hybrid systems. However, the difference is
what the hybrid system is based on. The summarization of these works is illustrated in Table 5.

Table 5: Studies on simultaneous optimization of model and feature subset selections

Ref. MS and FS Algorithm Kernel Function Dataset
[48] GA RBF UCI
[49] Bees algorithm RBF UCI
[50] Discrete PSO RBF UCI
[51] Mixed discrete and continuous PSO RBF Distributed
parallel
[53] CSA RBF UCI
[54] GA RBF UCI
[93] ACO RBF UCI
[94] Modified Binary PSO (MBPSO) RBF ucCl
[141] ACOmvr-SVM RBF ucCl
[142] SACI RBF ---
[143] RGSA to optimize MS and BGSA to optimize feature RBF Ucl
subset selection
[145] CSO RBF ucCl
Continuous Hide-and-Seek SA to optimize MS and
[146] discrete SA to optimize feature subset selection RBF ud
[147] PSO RBF UCI
[148] ICA RBF UCI
Dual formula SVM involving a penalization function
based on 0-norm approximation and modifying Linea
[149] Gaussian kernel utilizing gradient descent Polynomial ---
approximation for kernel optimization and feature Gaussian
deletion

From the summary, it can be seen that the UCI datasets were the most used data repository and RBF is the most
applied kernel function. ACOmv.r, ACO, GA, PSO ICA, SA, Bees, CSA, CSO, and RGSA were the optimization
algorithms that have been used to simultaneously optimize SVM MS and feature subset selection.

4. Conclusion

Selecting SVM parameters’ value and feature subset as an optimization problem is crucial in solving the
classification problem. Many approaches have been applied to classify patterns with high classification accuracy
and SVM is considered as an excellent approach to classify patterns. SVM suffers from dealing with huge numbers
of features and poor settings to its parameters, which influence its performance. Simultaneously optimizing SVM
parameters and feature subset selection has been shown to improve the performance of SVM. The simultaneous
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operation is produced by hybridizing ACO and other optimization algorithms with SVM. It is worth pointing out
that, the novelty of this study lies in the review that is specially made to focus on pattern classification using SVM
classifier.

Based on the many articles that have been reviewed, the simultaneous solution approach is the top trend to solve
SVM problems. It is important to select the right optimization algorithm to be simultaneously applied with SVM
so that an optimal solution will be achieved. From this review, it is found that a very promising result can be
obtained if the bio-inspired algorithms are simultaneously applied with SVM.

As discussed in this review, SVM problems will remain an endless study domain in the future as its performance
in classification can be mapped into real-world classification problems. It is also found that, several proposed
solution approaches that have been discussed are significant to be used and have been adapted in several real-
world classification problems.
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