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ABSTRACT 

In this paper•, a novel method to voiced/unvoiced/silence 
of speech classification using Support Vector Machine 
(SVM) is proposed. This classifier can correctly classify 
speech frames into voiced frame, unvoiced frame and 
silence frame. The comparison of experiment result shows 
that the proposed method outperforms other traditional 
methods. The performance of SVM for different kernel 
functions in the experiment was analyzed and discussed as 
well. 

1. INTRODUCTION 

In speech signal processing, it is very important and 
significant that the speech signals are precisely classified 
into voiced, unvoiced and silence (V/U/S) segment of 
speech. A variety of approaches have been described in 
many literatures for the classification of speech. Some 
classification methods only used a single characteristic 
parameter derived from the speech signal such as energy 
of the signal or zero-crossing rate of the signal. These 
V/U/S classifications can only achieve limited accuracy 
because the value of any characteristic parameter usually 
overlaps between categories. Atal and Rabiner proposed a 
V/U/S classification approach [2] used for speech 
recognition based on pattern recognition. This approach 
applied multiple features from speech for V/U/S 
classification. The classification was basically a Bayesian 
decision process in which firstly the assumption about the 
unknown statistical distribution of the characteristic 
parameters must be done, and then a great lot of training 
data are typically needed to reliably estimate the statistical 
parameters. Atal and Rabiner assumed the distribution of 
the features to be multidimensional Gaussian. However, 
the assumption is not precise for the true objective 
statistical distribution. To avoid making simplified 
assumptions about the unknown statistical distribution of 
the feature, later researchers applied other linear or 
nonlinear methods based on some new pattern 
classification theories for V/U/S classification. These 
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methods achieve better performance than traditional 
methods, in which the neural network classifiers are 
representative. The network is a kind of nonlinear pattern 
classification methods. But traditional neural networks 
(such as BP networks) are subject to some drawbacks: 
slow training speed, local minimum, poor generalization 
capability and overfitting. Moreover, this nonlinear 
method is excessively depended on practical experiences 
for the choice of network structure and the decision of the 
original weighting value. 

Vapnik [3,4] proposed a new pattern classification 
approach, support vector machines (SVM), based on 
statistical learning theory. The approach has solved some 
problems in neural network, such as local minimum and 
overfitting. It improved the classifier performances for 
small sample learning problems by applying Structural 
Risk Minimization (SRM), quadratic programming theory 
and kernel function idea. The SVM has been shown a 
better generalization performance in many practical 
applications, such as handwriting digit recognition, face 
detection, text auto-categorization, etc. It has been a focus 
in machine learning. 

In this paper, a two-step SVM algorithm of V/U/S 
classification is described. The algorithm combines two 
classical alternative SVM classifiers to classify speech 
signal into three different categories. In the first step, 
(VU)/S is classified by using the four difference 
characteristic parameters in G.729B VAD [5], including 
the full-band energy difference, the low-band energy 
difference, the spectral distortion and the zero-crossing 
difference. In the second step, U/V is classified by using 
other four characteristic parameters, including the full-
band energy, the low-band energy, the period level 
parameter and the zero-crossing rate. Because of many 
feature values being too similar between V/U/S, it is 
difficult and complicated to classify speech signals into 
three categories (V/U/S) at the same time. This two-step 
classification approach makes every step decision easier 
and improves classification accuracy.  
 

2. TWO-STEP SVM CLASSIFIER 
 
2.1. Classification Process 
A block diagram for the two-step classification algorithm 
is illustrated in Figure 1.  
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Speech signals firstly are sampled at 8 kHz and quantized 
with 16-bit. And then are high-pass filtered at 140 Hz by a 
second-order Butterworth digital filter to eliminate 
undesired low-frequency components. The features are 
extracted for each 10ms segment from the digitized 
signals. The features extraction will be described in 
following part. The four difference parameters are 
transferred to the first classifier for (VU)/S classification. 
If the segment is not judged as silence, the other four 
character parameters are further calculated and transferred 
to the second classifier for V/U classification. Herein, the 
training algorithm of the two SVM classifiers is based on 
the optimization algorithm of SVMlight as described in the 
literature [6]. Finally, the decision results are smoothed to 
eliminate ‘isolated point’ with 30ms delay. 
 
2.2. Parameters Extraction 
 
There are eight characteristic parameters used for two-step 
algorithm. These parameters are defined as follows, 
respectively:  
 
1. The Full-Band Energy fE  
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where )0(R is the first autocorrelation coefficient 
normalized. 
2. The low-Band Energy lE  
The original signals firstly pass a fifth low-pass elliptic 
filter with a cutoff frequency of 800 Hz. The output 
signals apply the energy formula (1) to calculate the low-
band energy lE . 

3. The zero-crossing rate ZC  
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4. The Full-Band Energy difference fE∆  
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5. The low-Band Energy difference lE∆  
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6. The zero-crossing difference ZC∆  
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7. The spectral distortion S∆  
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8. The period level periodZ  
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maxρ is the maximum value of )(τρ in range of pitch. 

The avrρ is the average value of )( 1τρ , )( 2τρ and 

)( 3τρ , which are maximum values in three different 
sub-range of pitch (see [1] for further details). 
        The details of the extraction for the parameters (4~7) 
are described in literature [5]. They are combined as the 
input feature vector of the second classifier. The others 
are combined as the input features vector of the first 
classifier.  

Voiced? 

Preprocess  

Parameters
extraction 

 Silence? 

The first classifier 

Decision smooth algorithm 

Speech signals 

Final classification result 

Yes 

Parameters
extraction 

The second classifier

Figure 1: Flow chart of two-step SVM classifier 
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2.3. SVM Classifier 

The SVM classifier is a classification method in the 
feature space using an optimal hyperplane. The optimal 
hyperplane, defined as the one with the maximal margin 
of separation between the two classes, are found by 
solving a quadratic optimization (QP) problem. It only 
depends on the training samples that lie on the margin 
(see Figure 2). These training samples, called support 
vectors, carry all relevant information about the 
classification problem. To generalize to the nonlinear case, 
the SVMs map the original input space into the higher 
dimensional feature space, via a kernel function, which is 
likely to create linearly separable data in the feature space. 
Finally, the decision function is the form as following:  
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The parameters iw are computed as the solution of a QP 
problem. In original input space, the hyperplane 
corresponds to a nonlinear decision function whose form 
is determined by the kernel )( xx ⋅iK . Figure 3 shows the 
architecture of the SVM method. 
 

3. EXPERIMENTAL RESULTS 
 
In the experiments, the frame length is 10ms, i.e., 80 
samples. The training sets include four sentences from the 
different age male speakers and four sentences from the 
different age female speakers, which are totally 1600 
frames. The training samples are labeled as V/U/S 
manually. The test samples aren’t among the training sets, 
which are obtained from the various speech databases 
made by Speech and Audio Signal Processing Lab, 
Beijing University of Technology.  The same training sets 

and test sets are respectively applied to the traditional BP 
neural network algorithm and the SVM algorithm in the 
comparative experiment. The experiment statistical results 
are shown in Table 1. From Table 1, it is observed that the 
SVM algorithm outperforms the BP network algorithm 
and SVM has the advantage on the samples training set.  
 

Table 1 Comparison results between SVM and BP network 

Algorithm (VU)/S classifier 
Accuracy (%) 

V/U classifier 
Accuracy (%) 

BP 90.1 96.3 

SVM 94.6 98.2 

Figure 4 shows that a Chinese sentence “塞翁失马” 
from a female speaker is accurately classified into V/U/S 
segments. To demonstrate the performance of the SVM 
classifier, the results shown in Figure 2 is not smoothed 
by the smooth algorithm. From Figure 2, we observed that 
the low-energy fricative unvoiced -‘s’ is separated 
accurately from silence and voiced segments, and the 
high-energy fricative unvoiced -‘sh’ is also separated 
accurately from voiced segments. 

The SVM algorithm performs different accuracies to 
use different kernel functions in the same experiment, 
herein, choosing three different kernel functions to do 
V/U classification. Table 2 shows a comparative result. 
From Table 2, we observe that the experiment result of the 
radial basis function is best. The comparison shows the 
SVM performance does not excessively depend on the 
complexity of the kernel function. Choosing a proper 
kernel function to adapt to a special practical application 
is a key, which is an urgent problem in the research field. 
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                                             Figure 4: A Chinese sentence “塞翁失马” spoken by a female speaker  

(The top line represents (VU)/S classification and the middle line represents V/U classification.) 
 

Table 2 Comparison results among the three kernel functions 

Kernel function Parameters V/U classifier
Accuracy (%)

Polynomial d=4 97.4 

Radial basis 3.02 =σ  98.2 

Sigmoid a=0.25, b=1 96.8 

Note: （1）Polynomial function 
d
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（2）Radial basis function 
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（3）Sigmoid function 
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The parameters in Table 2 are only for the reference. 
 

4. CONCLUSION 
 
The results of the study clearly demonstrate that the 
V/U/S classification can be effectively accomplished by 
the two-step SVM classifier. Through some comparison 
experiments, the SVM classifier presents many significant 
advantages. It can be trained by a few training samples 
and yet achieve the reasonably good classification result. 
The complexity of the algorithm does not depend on the 
dimensions of the input feature vector, but lies on the 
number of the Support Vectors, which avoid so-called 
‘curse of dimensionality’. The method also solves the 
local minimum and over-fitting problems that are hardly 
overcome in the network algorithm. But as a new machine 
learning method, SVM has many urgent problems that 
need to be further researched, such as: the multi-category 

classification, the adaptive kernel function and its 
parameters selection, the theory further perfection.  

In conclusion, a novel method was developed for 
V/U/S classification of speech using SVM. The two-step 
SVM classifier is expected to provide a useful algorithm 
for speech code, speech recognition or other applications 
about speech analysis.  
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