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Abstract 

One of the central problems in the study of Support vector machine (SVM) is kernel 

selection, that’s based essentially on the problem of choosing a kernel function for a 

particular task and dataset. By contradiction to other machine learning algorithms, SVM 

focuses on maximizing the generalisation ability, which depends on the empirical risk and the 

complexity of the machine. In the following paper, we considered the problem of kernel 

selection of SVMs classifiers to achieve performance on text-independent speaker 

identification using the TIMIT corpus. We were focused on SVM trained using linear, 

polynomial and Radial Basic Function (RBF) kernels. A preliminary study has been made 

between SVM using the best choice of kernel and three other popular learning algorithms, 

namely Naive Bayes (NB), decision tree C4.5 and Multi Layer Perceptron (MLP). Results had 

revealed that SVM trained using polynomial kernel is the best choice for dealing with speaker 

identification tasks and that SVM is the best choice when compared to other algorithms. 
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1. Introduction 

Support vector machine (SVM) was the first proposed kernel based algorithm. It uses a 

kernel function to transform data from input space into a high dimensional feature space in 

which it searches for a separating hyperplane [2]. Linear, polynomial, RBF and others kernel 

functions are commonly used to transform input space into desired feature space. According 

to Vapnik [24], traditional learning algorithms for pattern recognition are based on the 

principle of Empirical Risk Minimization, in an attempt to optimize the performance of the 

learning set. Furthermore, SVM is based on the principle of Structure Risk Minimization by 

taking into account of the probability of misclassifying yet to be seen patterns for a fixed but 

unknown probability distribution of data. It uses a linear separating hyperplane to create a 

classifier, yet it is not easy to separate some problems in the original input space linearly. But 

it can easily transform the original input space into a high dimensional feature space non-

linearly, where it is trivial to find an optimal linear separating hyperplane. This hyperplane is 

optimal in the sense of being a maximal margin classifier with respect to the learning set [1]. 

According to Joachims [6], SVM is the best machine learning algorithm for text classification 

by choosing the polynomial and RBF kernels. In [1] Ali and Abraham observed that SVM 

gives the maximum efficiency for different datasets for linear classification and compared his 

behaviour with three other machine learning algorithms. So, what is the best kernel for a 

particular problem such as speaker recognition and what is the best machine learning 

algorithm if we formulate a comparative study for the speaker recognition task?  
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In this paper, we were attempted to investigate the best choice among SVM kernels namely 

linear, polynomial and RBF kernels then we were attempted to make a preliminary study 

between SVM with the best choice of kernel and three popular machine learning algorithms 

including NB, C4.5 and MLP. These latest four algorithms were evaluated for closed-set text 

independent speaker identification using the TIMIT corpus, which provided high quality 

recordings of speech. The task was not straightforward especially since we were required the 

application of different types of kernels by using different feature datasets.  

This paper was organized as follow: in section 2 the speaker identification task was briefly 

described. In section 3 an overview of four popular machine learning algorithms was defined 

including SVM, NB, C 4.5 and MLP. In section 4, simulations were presented and finally 

results were discussed in section 5. 

 

2. Speaker identification 

Speaker recognition, which can be classified into identification and verification task 

refers to the concept of recognizing a speaker by his/her voice [11]. Figure 1 shows the 

abstraction of an automatic speaker recognition system. 

The objective of speaker verification is to verify the claimed identity of that speaker 

based on the voice samples of that speaker alone. Speaker identification deals with a 

situation where the person has to be identified as being one among a set of persons by 

using his/her voice samples. The speaker identification problem may be subdivided into 

closed-set and open-set. If the target speaker is assumed to be one of the registered 

speakers, the recognition task is a closed-set problem. If there is a possibility that the 

target speaker is none of the registered speakers, the task is called an open-set problem. 

In general, the open-set problem is much more challenging. In the closed-set task, the 

system makes a forced decision simply by choosing the best matching speaker from the 

speaker database. However, in the case of open-set identification, the system must have 

a predefined tolerance level so that the similarity degree between the unknown speaker 

and the best matching speaker is within this tolerance. Another distinguishing aspect of 

speaker identification systems is that they can either be text-dependent or text-

independent depending on the application. In the text-dependent case, the input 

sentence or phrase is fixed for each speaker, whereas in the text-independent case, there 

is no restriction on the sentence or phrase to be spoken. 

For such problem, a classifier consists of M speaker models (one for each speaker) 

and the decision logic necessary to render a decision. In the training phase, the feature 

vectors are used to create a model for each speaker. During the testing phase, when the 

test feature vector comes in, a number will be associated with each speaker model 

indicating the degree of match with that speaker’s model. This is done for a set of 

feature vectors and the derived numbers can be used to find a likelihood score for each 

speaker’s model. For the speaker identification task, the feature vectors of the test 

utterance will be passed through all the speakers’ models and the scores are calculated. 

The model having the best score gives the speaker’s identity (which is the decision). 

The output or score of the models may be a distortion measure or probability depending 

on the type of model. The identification success rate of the system is calculated as the 

ratio of the number of test cases for which the speaker is identified correctly to the total 

number of test cases for all the speakers. In open set problems, a scheme is used 

wherein a threshold value is needed in order to find out if the speaker is out of the set of 

M speakers. In closed set speaker identification, there is one source of error, namely, 
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when a speaker is not identified correctly. In the open set case, there are two additional 

sources of error. First, a speaker not in the set of M speakers is deemed to be within the 

set. The second is the opposite scenario when a speaker in the set is deemed to be 

outside the set. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Components of automatic speaker recognition system. 

3. Machine learning algorithms for speaker recognition 

Machine learning is one of the hottest research areas of data mining. It has been widely 

adopted in speaker recognition task. This section gives a brief overview of four machine 

learning algorithms related to this study, namely SVM, NB, C4.5, and MLP. 

 

3.1. Support Vector Machine 

An SVM is a kernel machine method that makes its decisions by constructing a hyperplane 

that optimally separates two classes. The hyperplane is defined by 0=+⋅ bwx  where w is 

the normal to the plane. 

For linearly separable data presented by { } { } ....1,1,1,,, Niyxyx i

d

iii =−∈ℜ∈  the 

optimal hyperplane is determined according to the maximum margin criterion. This is 

achieved by minimising  

( ) .,1
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iybwxtosubjectw ii ∀≥+⋅  (1) 

The solution for the optimal hyperplane 0w is a linear combination of a small subset of 

data { }Nsxs ...1, ∈ , known as the support vectors that satisfy ( ) .10 =+⋅ ss ybwx  

For not linearly separable data, no hyperplane exists for which all points that satisfy the 

inequality above. To overcome this problem, iζ  are introduced and the object is then 

achieved by minimising  
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Where L is the loss function, C is a hyper-parameter used to specify the effects of 

minimising the empirical risk and maximising the margin and the empirical risk associated 

with the marginal or misclassified points is presented by the term on the RHS. According to 

Burges [4], the dual formulation, which is more conveniently solved, of (2) with 
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Where iα  is the Lagrange multiplier of the i
th
 constraint in the primal optimization 

problem. The dual can be solved using standard quadratic programming techniques. The 

optimal plane, 0w is given by  

ii

i

i xyw ∑= α0   (4) 

The extension to non-linear boundaries is achieved through the use of kernels that satisfy 

Mercer’s condition. In practice, kernels commonly used are linear kernels polynomial kernels 

and radial basis function (RBF) kernels. The linear kernels take the form  

( ) ( )
jiji xxxx ⋅=Κ ,  (5) 

The polynomial kernels take the form  

( ) ( )p
jiji xxxx 1, +⋅=Κ  (6) 

where p is the degree of the polynomial. Radial basis functions have received significant 

attention, most commonly with a Gaussian of the form  
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Where σ is the width of the radial basis function. Classical techniques utilizing radial basis 

functions employ some method of determining a subset of centers. Typically, a method of 

clustering is first employed to select a subset of centers. An attractive feature of the SVM is 
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that this selection is implicit, with each support vectors contributing one local Gaussian 

functions, and centred at that data point.  

The dual for the non-linear case is thus  
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(8) 

For speaker recognition, the first approach in using SVM classifiers was implemented by 

Schmidt in [12]. Another approach became recently more popular, consists of using a 

combination of GMMs and SVMs. In [17], [19], [20] several types of combination were 

proposed.  

 

3.2. Naive Bayes 

Naive Bayes is the simplest form of Bayesian network, in which all attributes are 

independent given the value of the class variable. This is called conditional independence. In 

[16], Zhang suggested that, despite their simplicity, the NB classifier is one of the most 

efficient and effective inductive learning algorithm for classification and it has been found to 

perform surprisingly well.  

The NB algorithm computes a discriminate function for each of n possible classes. Let 

E be an example vector, with a features{ }
ap XX ,... , and ( )EBi the discriminate function 

corresponding to the 
thi class. The chosen class, kC , is the one for which 

( ) ( ) kiEBEB ik ≠∀>  (9) 

The discriminate function ( )EBi  is defined as  

( ) ( ) ( )ijj

a

j
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PrPr

1
 (10) 

Where jv is the value of the feature iX in example E . The classification rule might be 

changed to reflect some desired operating conditions: in a two class problem the rule might be 

changed such that if one discriminate were above a given threshold, then that class would be 

assigned, regardless of the value of the other discriminate. 

For speaker recognition, NB algorithm is largely used such in [10], [9], etc. 

 

3.3. Decision tree C4.5 
The decision tree C4.5 is admittedly the most widely classifier used for pattern recognition 

[23]. It uses an improved version of the ID3 algorithm. Among the merits of the C4.5 

algorithms are: its applicability in a variety of learning problems, its computational efficiency 

and the human-readable format of the induced models. At the same time it provides 

comprehensible rules which are harder to interpret.  

C4.5 builds decision trees from a set of training data in the same way as ID3, using the 

concept of Information Entropy. The training data is a set ,..., 21 ssS =  of already classified 

samples. Each sample ,..., 21 xxsi =  is a vector where ,..., 21 xx  represent attributes or 
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features of the sample. The training data is augmented with a vector ,..., 21 ccC =  where 
,..., 21 cc  represent the class that each sample belongs to.  

C4.5 uses the fact that each attribute of the data can be used to make a decision that splits 

the data into smaller subsets. It examines the normalized Information Gain that results from 

choosing an attribute for splitting the data. The attribute with the highest normalized 

information gain is the one used to make the decision. The algorithm then recurs on the 

smaller sub lists.  

This algorithm has a few base cases; the most common case is when all the samples belong 

to the same class. Once this happens, a leaf node of the decision tree will be created. It might 

also happen that no information gain had given. In this case, C4.5 creates a decision node 

higher up the tree using the expected value of the class. It might also that never seen any 

instances of a class, again.  

For speaker recognition, the feature vectors are obtained from the training data for all 

speakers. Then, the data is labeled and a binary decision tree is trained for each speaker. The 

leaves of the binary decision tree identify the class label as follow: a one corresponds to the 

speaker and a zero corresponds to “not the speaker”. For speaker identification, all feature 

vectors are applied to each decision tree for the test utterance. The labels are scored and the 

speaker having the maximum accumulated score is selected. For speaker recognition, decision 

tree classifier is used in several studies such as in [14], [13].  

 

3.4. Multi Layer Perceptron 

Perceptron networks are the most basic type of neural network and are particularly useful 

for many classification problems.  

The network functions through combining the various inputs with some set of weights. 

This sum is then used as input for a single neuron’s activation function. The output of the 

activation function is then taken to be the output of the network. Perceptrons with multiple 

outputs are composed of several independent perceptron networks each determining the value 

of a single output. That is, if the output is a three-dimensional vector ( )321 ,, XXX , then each 

iX  is computed by a separate network and final vector is the combination of these outputs. 

There are many known algorithms for use in training this type of network. Back 

propagation algorithm was the most popular algorithm characterized by it’s optimality. It’s an 

algorithm for modifying the weights of Multi Layer Perceptron based on incremental gradient 

descent of mean-square error. It aims at minimising the squared error cost function over a 

training set presented as follow: 
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 Where i indexes each pattern in the training set and j indexes each output variable 
( N patterns in the training set; each patter has J outputs); ijd  is the desired value of output 

j as given by example pattern i , and ijy  is the actual output value from the model. 

For speaker recognition, test vectors, from training data, should have a “one” 

response for that speaker’s MLP for a specific speaker, whereas from different 

speakers, test vectors should have a “zero” response. For speaker identification, all test 

vectors are applied to each MLP and the outputs of each vector are accumulated. The 

speaker is identified as a corresponding to the MLP with the maximum accumulated 

output [5]. 
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4. Simulations 
 
4.1. Speech Corpus  

The speech corpus for the experiments reported in this paper is a subset of the DARPA 

TIMIT corpus. This set presented 47 speakers of the same DR1 dialect. The set of speakers 

included 16 females and 31 males.  Each speaker prompted to read ten sentences. Two 

sentences have the prefix "sa" (sa1 and sa2). Sentences "sa1" and "sa2" are different, but they 

are the same across speakers. Three sentences have the prefix "si" and five have the prefix 

"sx". These eight later sentences are different from one another and different across the 

speakers. 

 

4.2. Front-End Processing and Feature Extraction  

Front-end processing of speech data from TIMIT corpus encompassed splitting each 

conversation into separate utterances, volume normalization and pre-emphasis. Later speech 

signal was split into frames. The Hamming window was applied to each frame. The frames of 

data corresponding to silence were removed from the utterances. The data were recorded at a 

sample rate of 16 KHZ and a resolution of 16 bits.  

The feature extraction process consists of obtaining characteristic parameters of a signal to 

be used to classify the signal. For speaker recognition, the features extracted from a speech 

signal should be invariant with regard to the desired speaker while exhibiting a large 

deviation from the features of an imposter. The selection of speaker unique features from a 

speech signal is an ongoing issue. It has been found that certain features yield better 

performance for some applications than do other features. Thus far, no feature set has been 

found to allow perfect discrimination for all condition. 

In this study, we used the classical parameterization based on 12 Mel frequency cepstral 

coefficients (MFCC), the energy and the first and the second derivatives Delta and Delta-

Delta coefficient through MATLAB Toolbox. In fact, these coefficients are the current most 

commonly used in speaker identification task [7], [18]. In the one hand, Zunjingand and 

Zhigang [22] suggested that MFCC has been widely accepted as such a front-end for a typical 

speaker identification system as it is less vulnerable to noise perturbation, gives little session 

variability and is easy to extract. In the second hand, Zanuy and Chetouani [15] suggested 

that the use of energy can improve the robustness of the system in the sense that it is less 

affected by the transmission channel than the spectral characteristics, and therefore it is a 

potential candidate feature to be used as a complement of the spectral information. In the third 

hand, Nosratighods et al. [8] suggested that dynamic cepstral features such as Delta and 

Delta-Delta cepstral coefficients have been shown to play an essential role in capturing the 

transitional characteristics of the speech signal that can contribute to better recognition. 

Experiments were done on four sets of data defined as follow (see table 1): 

 

Table 1. Datasets and splitting. 

Datasets Size (ko) Instances Characteristics of every utterance 

W1 135 470 middle frame  

W3 398 1410 three middle frames 

W5 660 2350 five middle frames 

W7 922 3290 seven middle frames 
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4.3. Classification 

Machine learning algorithms presented previously were evaluated and compared for 

speaker identification task. We have chosen the SVM, the MLP, the C4.5 and the NB 

algorithms from Weka data mining package where different kernels have been evaluated for 

training SVM whereas default settings have been used for the other three algorithms. We 

normalized the training and testing datasets, as data normalization is required for some 

kernels due to restricted domain, and may be advantageous for unrestricted kernels.  

SVM algorithm was evaluated using different kernels. For SVM using polynomial kernel, 

the value of p was changed from 1 to 100. Only 1, 10 and 100 were chosen in this 

evaluation.  For SVM using RBF kernel, the value of σ was changed from 0.01 to 1. Only 

0.01 and 0.1 were chosen in this evaluation. To handle the SVM multi-class problem, we 

were considered the one versus one approach classifier. This approach avoids several 

problems encountered with other approaches: first it is much easier to separate two speakers 

than to separate one speaker from all others, second, the number of training vectors is roughly 

equal for both classes.  

All experiments were carried out using a ten-fold cross validation approach. In fact, this 

approach has been unfortunately under-utilized in machine learning community [3]. In [21], 

Zribi Boujelbene et al. suggested that cross validation approach was the most powerful to 

estimate the generalization error of speech recognition systems. For our experiments, data 

were randomly partitioned into ten equally sized where 90% were used for training and the 

remaining 10% were used for testing. This technique was repeated for ten times, each time 

with a different test data. For each time i, the identification rate ( iIR ) was computed by: 

 .100
)(.

)(..
(%) ×=

i

i
i

timeVectorsofNumTotal

timevectorsIdentifCorrectNum
IR

 

(12) 

The mean of the ten iIR  present the IR of all data. 

 

5. Results and discussion 

Our motivation was to analyse how much the different datasets results depending on the 

kernel function training SVMs and on the choice of the machine learning algorithms. 

 

5.1. Performance evaluation of SVM kernels for speaker identification task 

In this part of study, we were attempted to investigate the best choice among SVM kernels 

for speaker identification task. Table 2 presented the performance of SVMs trained with 

linear, polynomial and RBF kernels on the TIMIT corpus by using different datasets.  

Table 2 showed that SVMs trained using linear kernel had achieved an IR between 5.11 % 

and 39.40 %. However SVMs trained using polynomial kernel with p = 1 had achieved an IR 

between 5.32 % and 38.89 %. We remarked that these two classifiers had almost the same 

behaviour whatever datasets used.  

It can be seen that SVMs trained using polynomial kernel with p = 10 had reported a 

marked improvement in speaker identification performance gradually with increasing the 

frame numbers. Indeed the IR for W1 database was equal to 6.38 %, the IR for W3 database 

was equal to 74.89 %, the IR for W5 database was equal to 81.79 % and the IR for W7 

database was equal to 77.81 %. We noted that the best IR was reported by using W5 database.  
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It can be seen also, that SVMs trained using polynomial kernel with p = 100 had reported 

the lowest IR equal to 2.13 % for all datasets. We suggested that SVMs trained using 

polynomial kernels performed worst by increasing the n value.  

It can be noted that SVMs trained using RBF kernel with σ = 0.01 had achieved an IR 

between 4.68 % and 23.77 %, however, this IR was reported between 4.25 % and 68.51% 

where σ = 0.1. We concluded that SVMs trained using RBF kernel with σ = 0.1 performed 

better than SVMs trained using RBF kernel with σ = 0.01 for W3, W5 and W7. However 

SVMs trained using polynomial kernel with p = 10 performed significantly better than SVMs 

trained using RBF kernel with σ = 0.1 for all datasets. 

 
Table 2. Performance evaluation of SVM kernels for speaker identification task (%) 

Data Liniaire 

 

Polynomial 

( p = 1) 

Polynomial 

( p = 10) 

Polynomial 

( p = 100) 

RBF 

(σ = 0.01) 

RBF 

(σ = 0.1) 

W1 5.11 5.32 6.38 2.13 4.68 4.25 

W3 36.95 36.59 74.89 2.13 21.35 68.51 

W5 39.40 38.89 81.79 2.13 22.98 28.25 

W7 38.14 37.96 77.81 2.13 23.77 28.45 

 

It can be easily observed that SVMs trained using polynomial kernel ( p = 10) applied in 

W5 datasets had provided the best performance than other kernels.  

  

5.2. Performance evaluation of SVM, NB, C4.5 and MLP for speaker identification task 

In this part of study, we were attempted to investigate the best choice among four popular 

machine learning algorithms for speaker identification task. Table 3 presented the 

performance of SVM, NB, C4.5 and MLP on the TIMIT corpus by using different datasets.  

 

Table 3. Performance evaluation of SVM, NB, C4.5 and MLP identification rate for speaker 

identification task (%) 

 

Table 3 showed that NB algorithm had achieved an IR between 29.43% and 30.21%. 

We remarked that this classifier had the same behavior whatever datasets used. 

However C4.5 algorithm had achieved an IR between 4.68% and 35.91% where the best 

performance was reported by W5 dataset. Table 3 showed also, that MLP algorithm had 

achieved an IR between 6.81% and 50.85% where the best performance was reported by 

W5 dataset. Whereas SVM training polynomial kernel ( p = 10) showed the highest IR 

compared to all these latest machine learning algorithms. This IR is equal to 81.79% 

assured by W5 dataset. So, we can conclude that the W5 dataset reported the best 

performance for all latest algorithms. 

Data SVM NB C4.5 MLP 

W1 6.38   30.21 4.68 6.81 

W3 74.89 29.43 28.16 46.52 

W5 81.79 31.79 35.91 50.85 

W7 77.81  30.21 34.32 49.88 
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Figure 2 presented the IR average of SVM, NB, C4.5 and MLP classifiers for all the 

datasets. It showed that the SVM algorithm provided significantly the best performance 

than NB, C4.5 and MLP machine learning algorithms. In deed, the IR average for all 

datasets provided by C4.5 algorithm is equal to 25.77%, the IR average for all datasets 

provided by NB algorithm is equal to 30.41%, the IR average for all datasets provided 

by MLP algorithm is equal to 38.51% and the IR average for all datasets provided by 

SVM algorithm is equal to 60.22%. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Comparative study of classifier performance for all datasets 

 

6. Conclusion 

In this paper, we have presented the performance of SVM algorithm using different kernels 

on four different datasets and a comparison was made with conventional machine learning 

algorithms to solve the speaker identification task. In deed, we were attempted to investigate 

the best choice among SVM kernels namely linear, polynomial and radial basis function 

(RBF) kernels for text independent speaker identification using the TIMIT corpus. Different 

degree of the polynomial kernel and different width of the RBF kernel were evaluated. To 

specify our feature space, we have explored all sentences pronounced by all male and female 

speakers to assure a multi-speaker environment. Four datasets were defined depending on the 

number of middle frame for each feature vector. W1 dataset was characterized by one middle 

frame, W3 dataset was characterized by three middle frames, W5 dataset was characterized 

by five middle frames and W7 dataset was characterized by seven middle frames. Then a 

comparative study was made to investigate the best choice among SVM trained using the best 

choice of kernel function, Naïve Bayes, C4.5 decision tree and MLP algorithms. 

Our studies reveal that SVM polynomial kernel provided the best performance than other 

kernels even for large datasets and the resulting SVM algorithm was consequently very 

efficient and provided the best performance than NB, C4.5 and MLP algorithms. However, 

varying kernels is not the ideal solution for SVM optimization especially that the selection of 

the type of kernel is not an easy task even if the choice of these parameters has a significant 

effect on the performance of this algorithm. In addition, The NB, C4.5 and MLP algorithms 

can also be improved and adopted to our problem.  

Thus, as a future work, we will focus on optimizing the NB, C4.5 and MLP systems by 

adopting its parameters and we will include other comparison criteria such as the complexity 

of different algorithms and the time of learning as a measure of classifier speed. 
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