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The method of speaker recognition based on wavelet functions and neural networks is presented in this paper. The 
wavelet functions are used to obtain the approximation function and the details of the speaker’s averaged spectrum in 
order to extract speaker’s voice characteristics from the frequency spectrum. The approximation function and the details 
are then used as input data for decision-making neural networks. In this recognition process, not only the decision on 
the speaker’s identity is made, but also the probability that the decision is correct can be provided. 

INTRODUCTION 
The method is based on spectral analysis of time 
windowed speaker’s voices, using the Fast Fourier 
Transform (FFT) and creating the averaged spectrum 
over the defined time. After the averaged spectrum has 
been created, it is divided into 22 subbands (up to 
approximately 8 kHz), consistent with the critical 
frequency bands (barks) of the human auditory system. 
After the spectral division is made, the spectral 
function in every subband is decomposed to the 
approximation of the function and the details using 
wavelet functions. The approximation can then be 
decomposed again to the next level approximation 
function and details. These approximation functions 
then form the input data for the pre-trained decision-
making neural network in every subband. The 
decisions made for every subband are then multiplied 
with weighting factors for every subband and summed 
up to make the final decision. The weighting factors 
are predefined and determined from experiments. 

1 COMPARATION OF DIFFERENT 
METHODS 

Accurate and reliable results can be obtained neither 
with systems for speaker recognition based only on 
neural networks, nor with systems which use only 
mathematical algorithms to make decisions. The first 
test system made for the purpose of our research was 
based on neural network which was supposed to 
recognize the speaker using the averaged spectrum of 
the recorded voice of the speaker. The results of the 
first test were not good, especially when the speaker 
deliberately wanted to deceive the recognition system. 
Test results obtained for speech samples recorded with 
different equipment than the one used for recording of 
training samples have also shown a great degree of 
error. The results were particularly bad in case of a 
distorted recording or the presence of a considerable 

amount of hiss or noise in the recording. The neural 
network has proven to be virtually useless in this case.   
The second test system also used average spectrum of the 
recorded voice of the speaker. The difference to the first 
system was that once averaged spectrum was created, it 
was divided into barks and the power in every bark was 
calculated. The decision-making process was then based 
on ratios of power values computed for each bark, but 
the results were almost as bad as the results obtained in 
the first test. The second system has proven to be more 
immune to noise and distortion. However, it experienced 
certain difficulties when it came to recognizing the 
speakers with similar voices, such as brothers or fathers 
and sons. 
In order to construct a more reliable system, it is 
necessary to make some improvements. The conclusion 
drawn from previous tests is that the system becomes 
more resistant to noise and distortions if only a few 
characteristic points are isolated from the spectrum of the 
speaker's voice (e.g. mean power values computed for 
each bark). However, this procedure significantly 
reduces accuracy and precision, because a considerable 
amount of useful information is discarded along with the 
redundant data. So, it is clear that a compromise has to 
be made between data reduction, which leads to a more 
resistant system, and the accuracy of the system. 
If large amount of data is used to make a decision (which 
is just a binary value on the output of the system) on the 
identity of the speaker, i.e. if the vectors of 
characteristics are multidimensional, then the process of 
making a decision has to be performed in a 
multidimensional space, which tends to be exceptionally 
large. It can be very difficult, even impossible to cover a 
space of such size with a sufficient number of reference 
samples, in order to teach the neural network or some 
other decision-making system (nearest neighbor method, 
statistical methods) to distinguish the examination 
samples correctly. 
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Figure 1: Vectors of characteristics for every speaker in 
all three test systems for recognition (up – vectors are 

created directly from speaker’s voice spectrum, middle 
– vectors are created using the wavelet transformation, 

down – vectors are created from power values 
computed for every bark) 

 
Apart from making decisions based only on spectral 
characteristics, the system can make decisions based on 
changes of spectral characteristics over time. This 
method increases the reliability of the system because 
the changes in spectral characteristics are distinctive 
for each speaker. The first step is to cut out the parts of 
the recording with no useful speech signal (samples 
with silence), and then calculate the difference between 
neighboring samples of recorded speech. The data 
obtained in this manner then form the vectors of 
characteristics, which are then used as the input data 
for decision-making systems. 

2 NECESSARY SIGNAL PROCESSING 
BEFORE MAKING A DECISION 

Since speaker recognition method combining FFT, 
wavelet functions and neural networks uses speech 
signals with upper limiting frequency below 8 kHz, the 
sufficient sampling frequency in the system would be 
22 kHz. However, the use of sampling frequency of 
44.1 kHz is highly recommended in order to reduce the 
aliasing distortions. The signal recorded in this manner 
first undergoes the trasholding transformation, which 
eliminates the parts of the recording with no speech. 
After that the FFT transformation is performed, which 
gives the spectral characteristic of the speaker's voice. 

Before conducting further analysis, it is necessary to 
normalize the spectral characteristics. 
If the system uses the 8192-point FFT, like in our test 
system, then the spectral characteristics will have 4096 
points for each segment of time and for each speaker. 
Making a decision based on such large amount of data is 
both hard and unreliable. 
 In order to reduce the amount of data and form the 
vectors of characteristics with acceptable dimensions, 
several algorithms can be used. These algorithms are 
accepted in practice and produce good results, more or 
less. The development of video and audio compression 
has shown that the substitution of conventional 
transforms with a wavelet transform produces good 
results. The wavelet transform is more efficient in 
removing the redundant data from the original data, 
thereby achieving better compression ratios than those 
obtained using the conventional transforms and data 
reduction, while maintaining the quality of video and 
audio. This is the reason why the suggested method uses 
the wavelet transform for data reduction and forming the 
vectors of characteristics.   

3 FORMING OF VECTORS OF 
CHARACTERISTICS USING THE WAVELET 
TRANSFORM 

When forming the vectors of characteristics, i.e. when 
reduction of redundant data is made, a wavelet filter bank 
has to be used. These filter banks are constructed by 
applying a wavelet transform recursively on the data, as 
shown in Figure 2. The first application of wavelet 
transformation to the input signal decomposes the signal 
to the first approximation and the detail. After that, the 
decomposition is applied to the low pass section (the 
approximation). In every decomposing process, 
downsampling with a factor of two is made, so in every 
section the amount of data is reduced also by a factor of 
two. 
 

 
Figure 2: Wavelet filter block 

 
Filter banks based on wavelet transform have much 
better characteristics than harmonic filters, because the 
properties of dissociation can be influenced on by 
choosing the right wavelet function. This ensures better 
identification of formant frequencies in the speaker’s 
voice, so the recognition procedure can be performed 
simpler and can give more accurate results. The 
dimension of vectors of characteristic is determined with 
the number of decomposition processes. In other words, 
the greater the number of decompositions is, the smaller 
the dimensions of the vectors of characteristic will be. In 
order to improve recognition further, the data obtained 
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with wavelet filtering is treated with a logarithmic 
function prior to forming the vectors of characteristic. 
Vectors of characteristic obtained in this manner are 
very similar to vectors obtained using the cepstrum 
transform. Another favorable fact is that the data 
reduction characteristic can be changed easily by 
choosing the right type of wavelet.     

4 MAKING THE DECISION 
The design of decision-making classifier is based on 
finite set of samples used for training, which causes 
several problems: the problem of choosing the 
complexity of the classifier, the problem of choosing 
the training samples, choosing the method of training 
the classifier. If the classifier is too complex, the noise 
will be included in training samples and the number of 
required training samples will become too large. On 
the other hand, if the classifier is insufficiently 
complex, the samples will not be classified accurately. 
In order to cover the decision-making space evenly, it 
is necessary to choose a sufficient number of samples. 
In order to obtain the best results possible, the 
conditions in which the training samples were collected 
should be as similar as possible to the conditions in 
which the classifier is expected to work (on test 
samples). The method of training the classifier depends 
greatly on the type of the classifier itself, as well as on 
the classification results. 
For the purpose of comparing the method described in 
this article with other methods, a neural network has 
been used as a classifier. In all cases the same neural 
network has been used for classification, in order to 
establish how different methods of forming the vectors 
of characteristics affect the accuracy of classification. 
The neural network was of Feedforward type and the 
back propagation method with momentum and 
adaptive learning rate was used for training. 

 

 
Figure 3: Neural network used for classification of 

speakers 
 

The vectors of characteristics are created for every 
subband using the wavelet transformation. These 
vectors then form the input data for the pre-trained 
decision-making neural network in every subband. The 
decisions made for every subband are then multiplied 
with weighting factors for every subband and summed 
up to make the final decision. The weighting factors 
are predefined and determined from experiments. In 
order to find the weighting factors, different recordings 
of test speakers were made in different conditions, e.g. 
over the telephone line, in the anechoic chamber, with 
added noise and other. These recordings are used to 
test the weight of every subband decision to achieve 
the desired accuracy of the final decision. If the 
subband decision is accurate for one specific case, the 
weighting factor for that subband will be increased; if 

the subband decision is not correct, the weighting factor 
for this subband will be decreased. This procedure has to 
be done for every subband in many iterations in order to 
find the average weighting factor for every subband.  
The training of the decision-making neural network has 
to be done for every subband and for every speaker. This 
is a time-consuming process, but it is critical for correct 
speaker recognition. The advantage is that it can be done 
offline and just once for every speaker entered in the 
database. The coefficients, obtained from trained neural 
network for every speaker entered in the database, are 
stored to the database. In the recognition process the 
coefficients are iteratively loaded from the database and 
used by the neural network to make its decision. If the 
final decision, made for the test speaker, is above the 
threshold calculated for each speaker from the database, 
the test speaker is possibly identified, but the test does 
not stop here. The recognition process has to be done 
with all parameters from the database (for every single 
speaker in the database). If more than one possible hit is 
found, then the test speaker is most likely the one with 
the closest subband decision pattern. On the other hand, 
if the final decision is below the threshold calculated for 
each speaker from the database, then the decision is that 
the test speaker cannot be identified. 
In this recognition process, not only the decision on the 
speaker’s identity is made, but also the probability that 
the decision is correct can be provided. This probability 
is calculated from subband decisions, final decisions for 
different time windows and similarity with other entries 
in the database. 

5 TEST RESULTS 
The tests were made for three basic methods of forming 
the vectors of characteristics, using identical test and 
training samples each time. In all three systems the same 
classifier was used. All training samples were recorded 
in the same conditions using the same recording 
equipment, but they had been recorded a few weeks 
before the recording of test samples took place. The 
speakers were instructed to read the same paragraph 
three times and to try to maintain the same loudness and 
the distance from the microphone. 
Test samples were recorded using several different 
recording systems and in several acoustically different 
spaces. The speakers were instructed to read the text 
several times in their normal voice, and then try to 
deceive the recognition system. 
Every speaker provided several samples of normally read 
text and several samples of text read in the attempt to 
deceive the system. These samples were then deliberately 
distorted and white noise was added to each sample. 
After the sample processing was conducted in this 
manner, the recognition procedure was performed, and 
the results were presented in a way which enabled us to 
uncover the influence of distortion and noise on the 
accuracy of recognition. 
A total of 324 samples were used for testing the accuracy 
of speaker recognition. The samples were divided into 
five groups: samples of normally read text, samples of 
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text read in the attempt to deceive the system, samples 
of normally read text, but in an acoustically different 
environment than the one in which the training samples 
were recorded, samples of normally read text with 
white noise added and samples of normally read text 
when distortion was applied. The results of the tests are 
shown in Table 1. for each of the five groups and for 
all three test systems. 
 
 
 System 

1 
System 

2 
System 

3 
Normally read text 75,0% 87,8% 94,6% 
Text read in the 
attempt to deceive 
the system 

26,6% 28,3% 48,0% 

Text read in an 
acoustically 
different 
environment 

62,6% 85,2% 92,0% 

Normally read text 
with white noise 
added 

42,5% 60,0% 58,1% 

Normally read text 
with distortion 
applied 

62,5% 48,7% 66,4% 

TOTAL: 47,5% 52,5% 65,8% 
Table 1: Comparison of test results for different 

methods of speaker recognition 

6 CONCLUSIONS 
Considerable improvement in speaker recognition 
systems can be achieved by applying the wavelet 
transform to extraction of characteristics from a 
recording of a speaker’s voice. The results of the tests, 
made for the purpose of this research, show 
considerable improvement in accuracy of speaker 
recognition, when data extraction is performed using 

the suggested method. Since the main subject of this 
research was the method of extracting the characteristics 
from recording of a speaker’s voice, and not the classifier 
itself, the decision was made that a simple classifier 
should be used. Using a more advanced classifier, even 
better results can be achieved. The main advantages of 
proposed method can be seen when the sample of 
speaker voice is distorted, either deliberately or by 
imperfections of the recording system. The main 
disadvantage of this method is greater sensitivity to noise 
in the sample, compared to some other procedures used 
for extraction of characteristics of a speaker’s voice.  
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