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Abstract 
Every speech recognition system contains a speech/non-
speech detection stage. Detected speech sequences are only 
passed through the speech recognition stage later on. In a 
noisy environment, non-speech segments can be an important 
source of error. In this work, we introduce a new speech/non-
speech detection system based on fractal dimension and 
prosodic features plus the common used MFCC features. We 
evaluated our system performance using neural network and 
SVM classifiers on TIMIT speech database with a HMM 
based speech recognizer. Experimental results show very 
good performance in speech/non-speech detection. 
Index Terms: speech/non-speech detection, prosodic 
features, fractal dimension 

1. Introduction 
  The automatic segmentation of speech especially in real 
world noisy environments is a challenging problem. Most 
importantly, the efficiency achieved in automatic detection of 
speech boundaries largely determines the accuracy of the 
following recognition engine. Even minor improvement in 
speech boundary detection front-end greatly influences the 
overall system accuracy in the long run. The most commonly 
used method of endpoint detection is the use of short-time or 
spectral energy [1, 2, 3, 4]. Typically an adaptive threshold is 
employed based on the features of the energy profile to 
differentiate between the speech segments and the 
background noise. This is not a very good method, as it tends 
to cut off the ends of some words in quieter surroundings. The 
energy being very sensitive to the amplitude of the speech 
signal will not result in good classification results in noisy 
environments. In some recent researches [5], they have added 
different forms of garbage models to speech recognition 
process in order to distinguish and reject the non-speech parts. 
But this method has some disadvantages. It requires a training 
process that is usually expensive computationally and it 
requires a large body of training data to have a good 
estimation of the model parameters. And finally, if the test 
data is different from training data, this algorithm may get 
into trouble.  

To overcome these disadvantages, we prefer to follow 
approaches which consider features of speech signals that 
generally differ in speech signals against non-speech ones and 
are not dependent to a special speaker, a special background 
non-speech/noise signal and even to a special language. 
Prosodic features could satisfy such a need. The prosodic 
patterns differ extensively in different languages but in all of 
the languages, because of the identical limitations and 
anatomically similarities of vocal tracts of humans, obey 
some inherently fixed rules and specifications [11, 12]. 
      In this work, we introduce a speech/non-speech classifier, 
which uses combination of fractal dimension features and 

prosodic features to distinguish between speech and non-
speech. Prosodic features are normally based on the 
periodicity of the speech signal. Figure 1 presents our 
proposed system schematic 
      The paper organization is as follows. Section 2 describes 
the feature extraction process. In section 3, we introduce the 
details of the employed classifiers. Section 4 contains the 
experimental results. Finally, some conclusions are made in 
section 5. 
 

 
 

Figure 1: Schematic diagram of the Proposed System 
 

2. Feature Extraction 
     At first before of feature extraction, we apply a simple 
Voice Activity Detector (VAD) to recorded signals to mark 
the high-energy segments [6]. After applying this VAD to the 
input signal, speech is divided to some segments that we want 
to determine if they are speech or not. 
Our feature set consists of two main categories of features. 
First, we extract two series of prosodic features. Second, we 
extract two type fractal dimension space features. 

2.1. Prosodic Features 

Pitch frequency, is the fundamental frequency of human 
speech. It comes from the vibration of the vocal cords and 
varies in a limited range for every person. Normally, non-
speech signals do not have a special pitch frequency. This 
phenomenon is one of the bases of separation of speech and 
non-speech signals in this work.  
     After VAD stage, we have some high-energy segments to 
determine if they are speech or non-speech. One of the most 
used techniques to determine the pitch frequency is 
autocorrelation function. We do not work directly with pitch 
frequency, but we employ autocorrelation function which 
implicitly is related to the pitch frequency of the speech. 
      To process audio segments, we use frames with 1024 
samples length and 50% overlap. So, we have a series of 
frames F1, F2,…FL in each segment, where L is the number of 
frames in the segment. For each frame, we compute the 
normalized autocorrelation function (NACF) as     
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where, )(ml�  is the autocorrelation function of lth frame  
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Figure3:  Distributions in different features: (a) 

PIS-Petrosian, (b) PMS-Petrosian, (c) PIS-
MCR, (d) PIS-EDC, (e) PMS-MCR and (f) PMS-

EDC. 
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The peak index (PI) and peak magnitude (PM) of the 
autocorrelation function are computed as follows for each 
frame:  
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In each segment, we have two series of these two properties 
(PIS and PMS). Each series has the length L which is the 
number of frames in the understudy segment. The PIS and 

PMS series of the NACF function, for a speech and a non-
speech segment, are illustrated in Figure 2. 

As shown in Figure 2, for a speech segment, the PIS and 
PMS series, have a little changes while, they show a lot of 
distortion along a non-speech segment. So, by defining some 
criteria for the smoothness of these two parameters, we can 
achieve good features to distinguish between speech and non-
speech segments. In [7], two criteria were introduced for this 
phenomenon. Mean Crossing Ratio (MCR) and Energy 
Distribution Coefficient (EDC) are these two features. MCR 
of a signal determines how many times the signal crosses its 
mean value and EDC is the energy distribution in the 
spectrum of a signal. Signals which have a lot of changes in 
time domain, has greater components in higher frequencies. 
When these criteria are used on PIS and PMS series, four 
features will be available. In [7] they are called PIS-MCR, 
PIS-EDC, PMS-MCR and PMS-EDC, respectively, and are 
compared with each others. 

2.2. Fractal Dimension Features 

In this section, we introduce some new features, based on the 
fractal dimension calculation of the PIS and PMS series. 

 
2.2.1. Fractal Dimension of PIS and PMS Series 

 
When the distortion of a signal or a system increases, the   
fractal dimension of the signal or the system increases too. So 
it seems that, PMS and PIS signals of a speech segment have 
greater fractal dimensions than the non-speech ones. Here, we 
use the Petrosian method[8] to calculate the fractal dimension 
by   
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where N is the signal length and �N is the number of sign 
changes of the signal along its mean value. By applying the 
fractal dimension to the PIS and PMS series, we have two 
new features called PIS-Petrosian and PMS-Petrosian, 
respectively. The discrimination power of these two features 
compared to the four features mentioned in section 2.1 is 
shown as the terms of distributions of these features, on 
speech and non-speech segment, in Figure 3. The Values on 
X and Y axis are normalized in [0 1] range. As shown in 
Figure 3, fractal dimension-based features have the minimum 
overlaps on speech and non-speech segments. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

2.2.2. Normalized Attractor Fractal Dimension   
 
The main idea of using fractal transformation and iterated 
functions is that the high degree of repetition of sound 
waveform is exploited [11]. From the fractal theory point of 
view, the repetition can be seen as a self-similar system, in 
which time series amplitude of a waveform can be treated as a 
roughness. The roughness can be measured by using fractal 
dimension (FD), while the repetition can be simulated by the 
iterated function system (IFS). The amplitude scaling 
technique presented in [12] is an efficient algorithm, used for 
calculation of FD value. 
The sliding window algorithm is one of the simplest methods 
for extraction of fractal series from time signal. The idea of 
sliding window is based on calculation of the fractal 
dimension for a given interval (window) of the waveform. By 
moving this interval iteratively along the timescale, a 
sequence of numbers is generated. These numbers correspond 
to the sequence of the fractal dimension values. Valleys and 
dips of the plot of this feature versus time axis reflect phrases, 
words and syllables boundaries. An example of such a plot 
can be seen in Figure 4. The NAFD axis represents the 
normalized fractal dimensions of the attractors.  
The size of the sliding window is selected as the same size of 
our speech signal frames (1024 samples). 
 We can measure the speech/non-speech discrimination power 
of the introduced features by the one dimensional Fisher 
discriminant analysis [9]. Via this analysis, we exploit an 
equation called Rayleigh equation which generates the 
measure “J”. 
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Figure 4: Normalized Fractal Dimension for a small 

sentence 

Features which have more separated means and less 
overlapped variances of Speech and non-speech distributions, 
have greater “J” values. Higher “J”, obtains for more 
powerful separable feature. Although these features have a 
good discrimination power, we add some other conventional 
features to the feature set to increase the performance and the 
robustness of the final system. MFCCs are widely used in 
robust speech processing systems. Here, we employ these 
coefficients in two ways: 1) the mean of MFCCs of total 
frames in each segment. 2) The first difference of MFCCs of 
total frames in each segment. We calculate the 13-order 
MFCC coefficients. So, we have 26 new features for each 
segment. Rayleigh values are calculated for these features and 
are shown in Table 1 together with Rayleigh values for the 
proposed 7 correlation based features in descending order.  

 
Table 1. Rayleigh Values of 33 described features. 
 

 
 
Based on the values in Table 1, fractal dimension based 

features have the most discriminative power among MCR and  
EDC based features and MFCC base features. The best 
discriminator feature is PMS-Petrosian.  

2.3 Feature Selection 

Now, we have 33 features to classify audio segments to 
speech and non-speech. But some of these features don’t have 
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Figure 5: The best F-Ratio values obtained by GA for 

different numbers of features. 
sufficient information for this classification, and some of 
them have the same information. For example, although PIS-
Petrosian and PMS-Petrosian are the best two discriminators, 
As shown in Figure3, we found that these features have a 
large amount of overlap on input dataset. So it makes no 
difference to use one or both of them and using both of them, 
only increase the feature vector dimension and complexity of 
the algorithm. To choose the best feature vector for 
separation, we applied genetic algorithm using Fisher 
discriminant analysis as the fitness function. Figure 5 shows 
the best F-Ratio values obtained by GA for different numbers 
of features. Finally based on GA analysis, we selected 15 
features. We choose PMS-Petrosian, PIS-EDC, PMS-MCR, 
PMS-EDC, NAFD, difference MFCCs (2 3 4 5) and mean 
MFCCs (1 2 3 5 7 8) as the best feature vector. 

3. Classification 

3.1. Speech Database 

For training and test of our system, we use TIMIT, a Standard 
English Speech database. Training data consists of the 
combination of 1325 speech and 667 non-speech segments. 
To test our classifiers, we use the combination of 573 speech 
and 282 non-speech segments with no overlap with the 
training dataset. To test speech/non-speech detection system 
performance in noisy environments, we take noise data from 
NOISEX.92 database which is a known and public noise 
database. 

3.2. Classifier 

In order to compare the performance of classifiers in 
speech/non-speech detection, we tested SVM (Support Vector 
Machine) [10] and neural network classifiers in our 
experiments. SVM is a kernel-based classifier that increases 
the dimension of training data to a higher dimension space in 
which; training data can be linearly classified. We selected a 
4 degree polynomial kernel to map the data space. As the 
second classifier, we use a two layer MLP neural network 
with 30 neurons in hidden layer.   

4. Experimental Results 
The performance of SVM and Neural Network classifiers are 
tested for different conditions of additive background noise 
types and SNR rates. We used NOISEX 92 dataset and to 
calculate SNR we used energy ratio as described in [5]: 

   
noise

signal

E
E

SNR 10log20�                                    (5) 

 

Feature J  Feature J  
PMS-Petrosian 12.78 Mean-MFCC 4 0.8 
PIS-Petrosian 6.27 PIS-EDC 0.73 
Mean-MFCC 1 6.16 Mean-MFCC 6 0.71 
Mean-MFCC 3 5.83 Mean-MFCC 5 0.71 
NAFD 5.67 Diff-MFCC 8 0.65 
PMS-MCR 5.51 Mean-MFCC 8 0.58 
Diff-MFCC 2 4.67 Diff-MFCC 9 0.45 
Diff-MFCC 1 4.18 Diff-MFCC 10 0.43 
PMS-EDC 2.94 Mean-MFCC 13 0.33 
Diff-MFCC 3 2.68 Mean-MFCC 2 0.28 
Mean-MFCC 12 2.54 Diff-MFCC 11 0.28 
Diff-MFCC 4 2.39 Mean-MFCC 7 0.28 
Mean-MFCC 10 2.02 Diff-MFCC 12 0.27 
Diff-MFCC 5 1.77 Diff-MFCC 13 0.18 
PIS-MCR 1.35 Mean-MFCC 9 0.14 
Diff-MFCC 6 1.32 Mean-MFCC 11 0.08 
Diff-MFCC 7 0.99   

113



Where, Esignal and Enoise are the averaged energy of the signal 
and noise, respectively. The five types of noise were used are 
white, pink, bubble, factory and Volvo. 

To evaluate the performace of the classifiers, we use two 
criteria, H0 and H1, which are measured by: 
 
 
 
 
 
 
The H0 value for both classifiers and any conditions of 
background noise, was between 95% and 100%, i.e. the 
proposed algorithm approximately classifies all the non-
speech segments truly. We could explain these results with 
good discrimination performance of prosodic features on non-
speech segments (See Figure 2).But when we change the type 
and the intensity of the background noise, we have different 
H1 values. 

 
By decreasing SNR, H1 values decreases. Figure 6 presents 
the results of neural network and SVM classifiers for H1 
values. 
Experiments show that for noisy conditions in high SNR 
values SVM classifier performance is better than neural 
network, but in some cases, when the noise level increases, 
the performance of neural network classifier is better than 
SVM classifier. 

4.1. Recognition Results 

   To evaluate the performance of the proposed system in 
speech recognition, we calculated the Word Recognition Rate 
(WRR) for the baseline system without SAD and the 
proposed system using ordinary MFCC features as input 
recognition features. Table 2 presents the results of our 
experiments for TIMIT database for clean and different noisy 
speech signal in 10dB SNR. We use a HMM based recognizer 
without any language model of words. Our feature set 
consists of 39 MFCC features (12 Mel filters output, energy 
logarithm, delta and delta-delta coefficients). We use a known 
available speech recognition toolbox, HTK [Cambridge 
Research Laboratory] to conduct our experiments. We 
selected 16-state left-to-right diagonal covariance HMMs to 
model traditional  

Table 2.  WRR%  for TIMIT speech Database. 

Signal Baseline  Proposed 
Clean 68 75.2 

White-10db 63.2 71.4 
pink-10db 60.4 66.8 

Babble-10db 58.7 65.6 
Factory-10db 59.5 64.3 
Volvo -10db 58.9 66.3 

phonemes, plus a 3-state silence model and a single-state 
short pause model. The frame rate is 10 ms, with frame 
lengths of about 23ms. 

5. Conclusion 
     In this letter, the mean crossing ratio of the fractal 
dimension and peak amplitude series of the normalized 
autocorrelation function are used to make non-speech 
segment rejection decisions besides some MFCC based 
features. Experiments show the proposed scheme has very 
good performance for speech/non-speech classification that 
can be used in robust speech recognition systems. We used a 
feature selection based on Fischer discrimination. In 
classification stage we used from a SVM classifier with 
polynomial kernel function and a multi layer perceptron 
neural network classifier.  
    In this work we used a simple fractal dimension feature and 
in future work, we can use more chaotic features to improve 
the classification results. Also the effect of other prosodic 
information such as duration, peaking rate, and rhythm on 
non-speech rejection should also be investigated. This 
application is an ongoing research topic. 
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Figure 6:  Results of H1 for Neural Network and SVM Classifier. 
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