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Abstract: This work presents a new Algorithm to recognize separate voices of 
some Arabic words, the digits form zero to ten. Firstly we prepare our signal by 
pre-processing trial. Next the speech signal is processed as an image by Power 
Spectrum Estimation. For feature extraction, transformation and hence 
recognition, the algorithm of minimal eigenvalues of Toeplitz matrices together 
with other methods of speech processing and recognition are used. At the stage of 
classification many methods are tested from classical ones, which depend on the 
matrix theory, to different types of neuron networks, mainly radial basis functions 
neural networks. The success rate obtained in the presented experiments is almost 
ideal and exceeded 98% for many cases. The results have shown flexibility to 
extend the algorithm to speaker identification. 
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1 Introduction 

This work is a continuation to the last experimental paper introduced in [1], where  
the speech signal is treated graphically. The application of Toeplitz forms for 
image description [2] are used to describe speech signal. Because this approach 
cannot be applied directly, for the speech complicated nature, the authors are using 
some other methods of speech pre-processing for better feature extract of voice 
image before entering Toeplitz-based algorithms. The processing methods that 
gave good results in most cases are LPC – Linear Predictive Coding coefficients 
[3], Discrete Fourier transform [4] and Zero-Crossing method [5]. All of them 
have their advantages and also disadvantages. Seeking a simple and also a more 
stationary way for the graphical speech description, we applied the frequency 
spectral estimation method based on linear prediction model introduced in [6] and 
will thereafter be referred to as Burg model. This method seems to be very useful 
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for image-spectral pre-processing. The obtained signal spectrum forms the basis to 
further analysis for spoken-word recognition. 

2 Pre-Processing Signals 
The input to the system is a recorded speech waveform. Each file can contain only 
one voice; additionally there must be silence region before and after the right 
signal. The standard format used by the authors is PCM, with frequency 22050 Hz, 
16-bits mono.  The process of the speech preparation for feature extraction is given 
in Fig. 1. 
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Fig. 1 The flow chart of speech signal preparation for recognition process. 

More information and details about how to prepare the signals to recognition can 
be found in [1, 7].  

Now, the new signal is ready for the next step of feature extracting. 

3 Speech Signal Processing 

Among many methods of Speech Signal Processing, the authors have chosen the 
method based on spectrum analysis. This method helps extract the speech image-
features from spectral analysis in a simple way. Experiments showed that power 
spectrum estimation of Burg’s model is one of the best for the purpose of finding a 
method for smoothing irregular spectral shape resulting from applying the Fast 
Fourier Transform. It is based on the Linear Predictive Coding approach. The 
theory of linear predictive coding is given in [8]. The model of Burg’s method 
software implementation is given in [9]. 

Now we can use the obtained power spectrum acoustic images directly, or apply 
the algorithm based on minimal eigenvalues of Toeplitz matrices [2, 10] to 
analyze these acoustic images. When using Burg's method of estimation, however, 
we should notice that we need to specify the prediction order (P) and the FFT size, 
called the length of FFT (NFFT). More explanations and details about both Burg’s 
methods and minimal eigenvalues model of image description and classification 
are given in [9, 11]. For convenience, a brief description of Toeplitz approach in 



obtaining the minimal eigenvalues as voice-image spectral-graph feature vectors 
carrying the main characteristics of the image is given below. 

3.1 Minimal Eigenvalues Algorithm 

To explain how the algorithm of minimal eigenvalues works, we first introduce 
the way of calculating Toeplitz-matrix determinants.  

According to the method given in [2, 11], the under-test image is described by the 
rational function in Eq. (1): 
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where the coefficients are the coordinates of the feature points extracted from 
Burg’s spectral analysis graph of the voice-image (Fig.2). n is the number of 
feature points considered (the points marked with circles in Fig.2).  
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From this series find Toeplitz forms and their determinants. Compute the minimal 
eigenvalues of the matrices: 

{ }min minii iDλ λ λ= = for 1, 2, ...,i n= . 

Hence, the following feature vector is found: 

 iΦ = 0 1 2( , , , ..., )nλ λ λ λ  (3) 

Eq.(3), acts as the input data to the classifying algorithms when applying the 
known methods of similarity and comparison for the sake of recognition. The 
feature vector presents a very useful tool in describing an image within a class 
of similar objects. Simply, each voice-graph has its own series of minimal 
eigenvalues. 

iΦ



 
Fig. 2 Spectral analysis for Burg’s method, NFFT = 32, 1024, P = 20. 

Using this method with large input data increases the time and the cost of 
calculating, therefore in some previous works [10, 11] the selected points were 
limited by choosing some of them regularly, choosing for example every 10-th 
point or every 50-th point. Our recent experiments showed that this way was 
proved to be useless at least in the cases we considered because after this kind of 
selecting we will get the same points returned with another value of the NFFT, 
these points are marked with circles in Fig.2. 

3.2 Projection Algorithm 
Projection is a usual technique used in different pattern recognition tasks; it gives 
very good results in the handwritten recognition [12]. The first reason for using 
this kind of techniques in our tests is to reduce the number of essential features. 
Moreover, we want to find out if this method will give as good results as in other 
recognition fields. Projection depends on the curve obtained by Burg method, we 
use twelve axes and project every feature point onto the nearest one of these axes, 
Figure 3 explains how this is applied. 



 
Fig. 3 Projection and spectral analysis of Burg method, voice 3, NFFT = 128, P = 20. 

3.3 Base of Voices 
We tried to use a regular voice-base. Therefore, in our base we have recorded 
voices of twenty people from six different not only Arabic speaking countries. The 
total number of samples is 5472 divided into two groups, for each person and 
voice we choose five samples to be a test set (1100 samples), while the remaining 
samples (4372 samples) are chosen to be the teaching set. 

4 Classification 

The choice of an appropriate algorithm of feature extract from the given voice 
data is one of the most difficult but important factors in better speech-recognition. 
For this purpose, the authors have chosen two simple methods, classical and 
neural-based ones. Five different experiments are introduced in this work to cover 
most of the basic results of the essential approaches. Firstly, we present the results 
for Burg estimation spectrum without using the minimal eigenvalues algorithm. 
The recognition rate is high and depends on the selected parameters. Then 
applications of varieties of neural networks are shown. The one we are more 
interested in is the Radial Network presented in Experiment 2; the one which the 
model of minimal eigenvalues and its modified versions work very well with. 



4.1 Experiments and Results 
In our experiments we tested every situation for the next values of parameters: 
 
The length of FFT (NFFT) : 32, 64, 128, 256, 512, 1024 
The prediction order (P) : 8, 10, 12, 16, 20, 24, 28, 32, 40 
 
That means we have about 54 individual situations, but simply we will present 
only a few cases for every value of the first parameter (NFFT). 

Experiment 1 

Table 1 shows the results of this experiment. Through the classical method of 
classification, the number of wrongly recognized samples was 70 out of  1100 
used samples. The recognition rate achieved by this method is 93.64% (Table 1). 

Table 1 Recognition results of Experiment 1. 
The length of 
FFT [NFFT] 

Prediction 
order [P] 

Number of wrongly-recognized 
in total of 1100 samples 

Recognition 
rate % 

8 233 78.8182 
12 141 87.1818 
20 89 91.9091 

32 

28 110 90.00 
12 116 89.4545 
20 76 93.0909 64 
24 78 92.9091 
16 81 92.6364 
20 75 93.1818 128 
24 75 93.1818 
16 84 92.3636 
20 70 93.6364 256 
24 72 93.4545 
20 75 93.1818 
24 79 92.8182 512 
28 81 92.6364 
28 78 92.9091 
32 85 92.2727 1024 
40 71 93.5455 

Experiment 2 

Table 2 shows the application of the Radial Basis Function RBF-type Neural 
Networks [13] to classify and recognize spoken Arabic digits for different 
parameters. 



Table 2 Recognition results of Experiment 2. 
Radial networks 

The length of 
FFT [NFFT] 

Prediction 
order [P] 

The 
Spread 

Number of wrongly-
recognized samples out 

of 1100 cases 

Recognition 
rate % 

8 1.0 698 36.5455 
12 1.0 332 69.8182 
20 1.0 404 63.2727 

32 

28 1.0 476 56.7273 
12 1.0 467 57.5455 
20 0.8 71 93.5455 
20 1.0 72 93.4545 
20 1.2 69 93.7273 
24 1.0 224 79.6364 

64 

32 1.0 229 79.1818 
16 1.0 105 90.4545 
20 1.0 70 93.6364 
24 0.8 52 95.2727 
24 1.0 59 94.6364 
24 1.2 59 94.6364 

128 

28 1.0 91 91.7273 
16 1.0 93 91.5455 
20 1.0 127 88.4545 
24 0.8 94 91.4545 
24 1.0 29 97.3636 
24 1.2 28 97.4545 

256 

32 1.0 55 95.00 
20 1.0 254 76.9091 
24 1.0 143 87.00 
28 1.0 194 82.3636 

512 

32 1.0 144 86.9091 
24 1.0 560 49.0909 
28 1.0 585 46.8182 
32 1.0 343 68.8182 

1024 

40 1.0 346 68.5455 

The higher recognition rate is greater than the one obtained by classical 
classification method. It has achieved the value of 97.45% under the conditions 
highlighted in the table. Radial basis functions networks are very popular in 
speech and speaker recognition [14], additionally they work very well with the 
algorithm of minimal eigenvalues. 



Experiment 3 

For much better results, however, the following experiment was performed. The 
probabilistic networks have helped achieve this goal. We are testing the same 
spoken digits applying the probabilistic networks. The results are given in Table 3 

Table 3 Recognition results of Experiment 3. 
Probabilistic networks 

The length of 
FFT [NFFT] 

Prediction 
order [P] 

The 
Spread 

Number of wrongly- 
recognized samples out 

of 1100 cases 

Recognition 
rate % 

8 0.1 140 87.2727 
12 0.1 54 95.0909 
20 0.1 38 96.5455 

32 

28 0.1 65 94.0909 
12 0.1 44 96.00 
20 0.08 25 97.7273 
20 0.1 25 97.7273 
20 0.2 30 97.2727 
24 0.1 31 97.1818 

64 

32 0.1 36 96.7273 
16 0.1 26 97.6364 
20 0.1 26 97.6364 
24 0.08 21 98.0909 
24 0.1 21 98.0909 
24 0.2 22 98.00 

128 

28 0.1 31 97.1818 
16 0.1 26 97.6364 
20 0.08 20 98.1818 
20 0.1 20 98.1818 
20 0.2 19 98.2727 
24 0.1 23 97.9091 

256 

32 0.1 31 97.1818 
20 0.1 19 98.2727 
24 0.1 23 97.9091 
28 0.1 23 97.9091 

512 

32 0.1 27 97.5455 
24 0.1 24 97.8182 
28 0.1 23 97.9091 
32 0.1 19 98.2727 

1024 

40 0.1 30 97.2727 



This time the results are almost ideal independently of the value of spread radial 
function; additionally this kind of networks doesn't need any training, and the time 
of its creating is too short. Notice the abrupt increase in the rate of recognition and 
the stability of the returned results. 

Experiment 4 

Now we will introduce the results of the using of the Eigenvalues algorithm, Table 
4 shows the results of this experiment. Through the classical method of 
classification the number of bad recognized samples was 149 out of  1100 used 
samples. The recognition rate achieved by this method is 86.45% (Table 4). 

Table 4 Recognition results of Experiment 4. 
The length of 
FFT [NFFT] 

Prediction 
order [P] 

Number of wrongly-recognized 
in total of 1100 samples 

Recognition 
rate % 

8 438 60.1818 
12 412 62.5455 
20 400 63.6364 

32 

28 500 54.5455 
12 255 76.8182 
20 251 77.1818 
24 280 74.5455 

64 

32 323 70.6364 
20 164 85.0909 
24 150 86.3636 128 
28 149 86.4545 
16 237 78.4545 
20 207 81.1818 
24 177 83.9091 

256 

32 203 81.5455 
24 265 75.9091 
28 254 76.9091 512 
32 265 75.9091 
28 376 65.8182 
32 367 66.6364 1024 
40 351 68.0909 

Experiment 5 

Consider the radial basis function networks applied to classify and recognize the 
spoken Arabic digits for different combinations of NFFT, prediction order P, for 
both radial and probabilistic networks. In this test we are using the standard values 
of the spread factor, for radial networks value of this parameter is 1.0, and for the 
probabilistic ones it is 0.1, Table 5 presents the results. 



Table 5 Recognition results of Experiment 5. 
Radial networks Probabilistic networks 

The 
length of 

FFT 
[NFFT] 

Prediction 
order [P] 

Number of 
wrongly- 

recognized 
samples out 
of 1100 cases 

Recognition 
rate % 

Number of 
wrongly- 

recognized 
samples out 
of 1100 cases 

Recognition 
rate % 

8 300 72.7273 806 26.7273 
12 226 79.4545 781 29.00 32 
20 213 80.6364 781 29.00 
12 54 95.0909 734 33.2727 
20 48 95.6364 695 36.8182 
24 46 95.8182 685 37.7273 

64 

32 74 93.2727 722 34.3636 
20 52 95.2727 677 38.4545 
24 52 95.2727 673 38.8182 128 
28 58 74.7273 705 35.9091 
16 78 82.9091 718 34.7273 
20 85 82.2727 707 35.7273 256 
24 77 93.00 719 34.6364 
20 80 82.7273 707 35.7273 
24 80 82.7273 719 34.6364 512 
28 112 89.8182 760 30.9091 
24 94 91.4545 799 27.3636 
28 114 89.6364 835 24.0909 1024 
40 258 76.5455 783 28.8182 

This time the probabilistic networks return so bad results that the best recognition 
rate is only 38.82%, At the same time the higher recognition rate when using 
radial networks is greater than the one obtained by classical classification method. 
It has achieved the value of 95.82% under the conditions highlighted in the table. 

4.2 Other Experiments 

A number of other experiments were conducted with other approaches and 
algorithms. For comparison, we give here the results we obtained for the 
considered types of neural networks as the main classifying tool: 

1) The first additional experiment is to input the data to the system using Eq.3, 
but with the data to Eq.1 being taken from reversing the coordinates of feature 
points. The NN used were probabilistic neural networks. Unfortunately, this type 
of NN showed to be impractical to use with the method of minimal eigenvalues 



(the best recognition rate was 21.27%). However, using the radial basic networks 
gave much better results than the classical method (45.2%). For NFFT = 256 and 
P = 16 the efficiency of this algorithm was increased to 75.36%, but still not better 
than the classical eigenvalues algorithm. 

2) Another modification of Eigenvalues algorithm depending on using the 
difference between the next points of Burg curve as coordinates put directly in 
Eq.1, the standard classification method gives 56.55% (with NFFT = 64, P=24 ). 

3) With the same modification of Eigenvalues algorithm of the experiment in 2) 
we used the probabilistic networks. They showed very bad results (the best rate 
was 13.36%), whereas radial neural networks increased the efficiency of this 
method to 76.27% (NFFT equals 1024, P equals 28 ). 

4) The Recognition rate for the Projection method was low. With classical 
methods of classification the higher recognition rate was only 60.36%, whereas 
the use of radial and probabilistic networks showed even a worse rate. 

5 Conclusions 

Performed experiments approved that the image-based methods in speech 
classification have good recognition efficiencies as other known methods. In the 
case of individual speakers the recognition rate was almost ideal, and for a set of 
twenty speakers with 11 word-pattern classes the efficiency of Burg algorithm was 
93.64%. Radial basis networks increased it to 97.45%, and probabilistic networks 
returned the best ones 98.27%.  

Minimal eigenvalues algorithm when used in the same way on a written text, has 
not given the highest recognition rate (86.45% in best cases). However, when used 
with radial neural networks the rate of recognition was improved to 95.82% which 
is very close to the efficiency of Burg method. The system of minimal eigenvalues 
and neural networks seems to need more improvement. 

The results obtained by the projection method were not satisfactory even when 
used with radial and probabilistic networks.  

Finally, we must say that with this very large number of experiments, we can now 
test any other base of words, or do other similar tasks with only the best confirmed 
and established parameters, but our next goal is to test the Image-based approach 
in speech classification for the situation of text-dependent speaker recognition. 
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