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Abstract—This paper presents a time domain feature 

extraction method of speaker identification using Time 

Encoded Signal Processing and Recognition (TESPAR) 

approach. TESPAR matrices are not only generated for 

English words but also for the Urdu and Pashto words. For 

classification, the standard Artificial Neural Network 

(ANN) classifier and its variant have been used. The 

recognition results obtained show that when the user spoke 

a word from the vocabulary in an isolated fashion, 99% of 

the time it is correctly recognized. The results of TESPAR 

based feature are compared with features extracted using 

Mel-Frequency Cepstral Coefficients (MFCC) and Linear 

Predictive Coefficients (LPC). The MFCC and LPC features 

are obtained using the Hidden Markov Model toolkit, HTK. 

Feed forward neural network with back propagation has 

been used for the recognition. The results show that the 

speaker recognition systems with TESPAR features gives 

better performance with a high recognition rate and low 

computational complexity as compared with MFCC and 

LPC based features.  
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I. INTRODUCTION 

There are numerous applications of speaker 
recognition and the use of the appliances performing 
speaker‟s recognition is persistently mounting. These 
techniques make it possible to use the speaker‟s voice for 
the verification of their identity and therefore can be used 
in the security applications to permit the controlled access 
to the services through voice. Speaker recognition process 
typically contains a feature extraction stage and a 
classification stage. 

Various techniques for the extraction of useful voice 
features have been reported in literature. Generally the 
features are extracted using frequency domain analysis of 
the speech signal, such as the extraction of MFCC [1] and 
LPC [2] features. Along with other frequency based 
feature the pitch of the speaker has also been used to 
enhance the recognition performance [3]. Unlike the usual 
frequency based approaches, TESPAR based feature 
extraction is a purely time domain based extraction of 
features. The key feature of using TESPAR coding for 
speech signal is its capability to separate signals that 
cannot be separated in the frequency domain. Moreover, it 
has the ability to code time varying speech waveform into 
optimum configurations for processing with neural 

network in a parallel architecture way with a low 
computational complexity [4]. 

TESPAR and Dynamic time Warping (DTW), have 
also been used for speaker verification system. DTW is 
used for the successive alignments of the epochs in order 
to generate the verification decision. All calculations are 
performed in time domain and a data reduction of 15 to 20 
times is achieved [5]. 

Average F-Ratio score of the TESPAR feature is 
another efficient optimization technique used in 
Automatic Speech Recognition (ASR) in order to achieve 
the reduced size of the speaker models. Such reduced 
speaker model result in faster convergence of the 
Artificial Neural Network (ANN). However, it has been 
observed that the TESPAR features have greater 
redundancy as compared with the MFCC [6].  

MFCC based features have shown consistently 
superior performance for speaker recognition as it 
captures significant information from the audio signal. 
MFCC are positioned logarithmically in the frequency 
bands thus approximating the human auditory response 
system more closely than the frequency bands spaced 
linearly using Fast Fourier Transform or Discrete Cosine 
Transform [7]. 

For classification purposes a number of techniques 
have been proposed. These can be mainly divided into 
three models: Dynamic Time Warping (DTW), Hidden 
Markov Model (HMM) and Artificial Neural Network 
(ANN). Some hybrid approaches such as DTW/GHMM 
classifier have also been implemented showing an 
improvement of 2% to 10% in the recognition [8] [9].  

The accuracy of the speaker recognition system also 
depend on many other factors such as, background noise, 
the lengths of the voice samples used for the training and 
testing, whether the recognition is text-dependent or text-
independent, and also to a lesser extent on the sampling 
frequency of the speech waveform [7] . 

II. SPEAKER RECOGNITION SYSTEM 

The typical model of a speaker recognition system is 
shown in Fig. 1. The Pre-processing of speech signal 
involves unraveling the voiced region from the 
silence/unvoiced segment of the signal. This is because 
most of the speech or speaker‟s precise attributes are 
present in the voiced part of the speech. 
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Figure 1.  Speaker Recognition Model 

 

After the pre-processing, the next step is the feature 
extraction, where the speech signal is transformed into 
some type of parametric representation. Larger number of 
features requires more computations for classification and 
more memory space for storage. Thus, the purpose of the 
feature extraction is to capture the salient aspects of the 
speaker in a compact set of reduced number of 
dimensions. In this work, the TESPAR based feature 
extraction approach as proposed in [4], [10], has been 
used. 

 
 

 

The TESPAR approach is based on the zeros theory 

where the speech waveform is divided into periods 

identified by the successive zero crossings of the signal. 

So the time information along with the simple 

approximation of the waveform between two successive 

zero crossing is upheld. 

The simplest implementation of TESPAR coder uses 
two descriptors associated to each epoch. An epoch 
symbolizes a waveform between two successive zero 
crossings. The duration between two successive zeros in a 
given sample of the signal is represented by “D” while the 
shape of the signal between the zero crossings is 
represented by “S”. 

 

 

 

 

 

 
 

 

 

 

 

 

Figure 2: TESPAR Coding 

For classification purpose Artificial Neural Network 
and its variants have been used. Feed-forward back-
propagation network is implied. Feed-forward networks 
used have one hidden layers of sigmoid neurons followed 
by an output layer of linear neurons. Multiple layers of 
neurons with nonlinear transfer functions allow the 
network to learn nonlinear and linear relationships 

between input and output vectors. The purpose is to 
constrain the outputs of a network (such as between 0 and 
1), so the output layer is using a sigmoid transfer function 
(such as logsig). For a detailed study on transfer function 
and neural network refer to [11]. 

III. SYSTEM OPERATION 

A. Database Used: 

A speaker database was first developed by recording 

the speech samples from different speakers uttering the 

selected words several times. On the average 10 speech 

samples from each of the speaker have been collected. 

All these speech samples were then loaded into the 

TESPAR program: coded and converted to TESPAR 

Alphabets and stored into the database. 

B. Quality Processing: 

The speech samples for each speaker are averaged to 

generate the mean reference matrix. This averaging 

procedure is useful in reducing the inconsistency among 

the speech samples from the same speaker. The next task 

is to suppress the noise present in the speech waveform. 

The area of interest in the speech signal, which lies 

between the first rise and final drop point of the speech 

waveform, is then found. 

C. Coding process: 

The duration/shape (D/S) pairing of each epoch is 

used to produce the TESPAR alphabet symbols. A 

TESPAR codebook comprises of a symbol table of 28 

different symbols and is used to map the D/S parameters 

of each epoch into a single symbol. In most applications, 

a TESPAR alphabet of 28 different symbols is sufficient 

enough to represent the original waveform. 

D. Classification process: 

The TESPAR alphabets are used as input to the 

Neural Network. The TESPAR matrices are ideally 

matched to the processing requirements of Neural 

Networks which needs that the training data samples 

must be of the same sizes. The network receives the 10 

samples as a 28-element input vector. It then identifies 

the speakers by responding with a 10-element output 

vector. Each of the 10 elements of the output vector 

represents a speaker. The neural network responds with a 

1 in the position of the speaker being presented to the 

network. All other values in the output vector remains to 

be 0. 

E. Test setup: 

HTK tool kit has been used for the extraction of LPC 
and MFCC coefficients while Matlab has been used to 
extract the TESPAR features. Neural Network toolbox of 
the Matlab was used for the verification of the results.  

Histogram for every spoken word is attained after 

passing through the TESPAR feature extraction 

 



procedure. Figure 3 shows frequency of occurrence of 

TESPAR alphabets for the spoken word “CLOCK”. 

Histograms of all the spoken samples are given to neural 

network as an input for recognition purpose. 
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Figure 3: Histogram of speech signal 

The Neural Network (NN) used in the model is 

multilayer perception (MLP) with two layers of neurons, 

an input layer and a hidden layer. The reiteration of the 

NN can be stopped in two ways; either by specifying a 

certain number of iterations or until the time when no 

sample is left unclassified. The number of epochs in the 

training phase differs from one example to another. If the 

number of epochs is set to be high, the NN will saturate 

or there will be an over fitting of the NN. This case is 

avoided by setting an appropriate number of epochs. The 

performance of the neural network is significantly 

affected by the number of neurons in the hidden layer. 

The number of neurons in the hidden layer of the NN has 

been varied from 20 to 150. For 20 hidden layers the 

result obtained is only 60%. By increasing the number of 

neurons in hidden layer the performance is also 

improved. The performance achieved with 100 hidden 

layers is shown in Figure 4, where the goal is met after 

only 146 epochs. It is evident from the Figure 5 that 

when the number of hidden neurons is reduced to 50, the 

training is achieved after 282 epochs. Moreover the 

training time is also increased from 4 seconds to 8 

seconds. 

 

 

IV. ASSESSMENT 

The Performance of TESPAR based features is 

compared with that of the LPC based features and MFCC 

and their first and second derivatives. For acquiring those 

features, Cambridge University Hidden Markov Model 

Toolkit (HTK) [12] has been used. HTK tools provide 

sophisticated facilities for such speech analysis. 

 MFCC and LPC features are extracted using the 

procedure mentioned in [1], [2] and the steps performed 

are shown in Figure 6 and Figure 7, respectively. 

 

 

 
Figure 7: Block diagram of MFCC based Feature Extraction 

 

 
Figure 6: Block diagram of LPC based Feature Extraction 

 
Figure 4: Training performance (example 1) 

 

 
Figure 5: Training performance (example 2) 



V. RESULTS AND DISCUSSION 

Experiment # 1: 

TESPAR matrices are generated for different speakers 
uttering different words. First the features for English 
words were extracted but later on the features from the 
Urdu and Pashto words were also tested. The recognition 
performance for all the three languages was almost the 
same. 

For training purpose, the ANN with Feed-forward 
network was used. TESPAR features from English, Pashto 
and Urdu words were provided as an input to the neural 
network. The number of neurons in the hidden layer was 
varied and the recognition results were obtained. The 
percentage accuracy abstained for the 10 speaker„s is 
shown in Table1. It is evident that the recognition rate 
improves with the increase in the number of neurons in 
the hidden layer. 

TABLE 1 TESPAR FEATURE BASED RESULTS 

Number of hidden layer neurons Recognition Rate 

20 60% 

30 70% 

50 80% 

100 95% 

150 99% 

Experiment # 2: 

The same speech signals of the three different 

languages used for the TESPAR feature were used for 

attaining the LPC features. The results obtained are 

shown in Table 2. As can be seen from Table 1 and Table 

2, the recognition rate for the LPC features is lower than 

that of TESPAR features. 

TABLE 2 LPC FEATURE BASED RESULTS 

Number of hidden layer neurons Recognition Rate 

20 50% 

30 70% 

50 80% 

100 90% 

150 97% 

Experiment # 3 

In the third experiment, MFCC features along with 

delta and delta-delta coefficients are extracted using 

HTK. The results obtained using MFCC based features 

are shown in Table 3. 

TABLE 3  MFCC FEATURE BASED RESULTS 

Number of hidden layer neurons Recognition Rate 

20 40% 

30 60% 

50 70% 

100 85% 

150 95% 

These results shows that for speaker recognition 

purpose LPC features performed better than MFCC while 

TESPAR based features gave the best performance 

among all the three. 

VI. CONCLUSION 

This approach extracts features from the speech signal 
in the time domain, so, lower computational requirements 
are employed as compared with the traditional frequency 
domain analysis. Successfully testing for URDU and 
PASHTO speakers, it is shown that the TEAPAR features 
are language independent. LPC and MFCC based features 
exhibit low performance especially when the number of 
speakers increases. 

The advantage of using the TESPAR feature is that the 
size of matrices remains the same irrespective of the 
duration of the speech signal. From the above results it 
can be inferred that the smaller size TESPAR metric 
based features are the most efficient one. Moreover the 
training time is also the lowest while using the TESPAR 
based Feature for recognition using ANN. Although the 
training time of MFCC feature is small compared to LPC, 
its recognition performance is comparatively low. 
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