
Abstract: This paper presents a performance 
comparison for a voice pathology detection system 
dealing with different types of audio data.  Several 
files of sustained phonation of vowel /a/, from Kay 
Elemetrics database, were encoded with MP3 
algorithm with various bit rates (160, 48 and 24 kbps). 
A multilayer perceptron classifier is then used to 
automatically detect the normal from the pathologia 
files. Results are compared with those obtained for the 
original database, using confusion matrices and DET 
plots. 

 There are no significant differences between the 
designed detectors 
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I. INTRODUCTION 

 
There are several studies in the literature dealing with 

automatic detection of voice pathologies, based on speech 
databases gathered in matching acoustic conditions, 
which yielded high accuracy rates [1-3]. Recently, there 
has been some work done on voice pathology detection 
under non-ideal conditions, such as [4], where they 
evaluate the performance of a detector when the voices 
are transmitted over conventional telephone lines. 

In this work, we were interested in studying how MP3 
encoding of speech signals affects the capability of a 
system to detect voice pathologies. MP3 is an interesting 
format because of its capability for the transmission of 
speech samples over the Internet or through low speed 
data channels (like GSM). 

The paper is organized as follows: Section II describes 
the MP3 audio encoding process, Section III presents the 
database and the speech corpora used in this work. 
Sections IV to VII describe the detection system. Finally, 
Section VIII shows the results and Section IX presents 
some conclusions and discussion. 

 
II. TYPES OF DIGITAL AUDIO CODING 

 
PCM (Pulse Code Modulation) [5] is a common 

method for storing and transmitting uncompressed digital 
audio. Since it is a generic format, it can be read by most 
audio applications. PCM is a straight representation of the 
binary digits (1s and 0s) of sample values. 

WAV is the default format for digital audio on 
Windows PCs. WAV files are usually coded in PCM 
format, which means they are uncompressed and take up 
a lot of space (WAV files can also be coded in other 
formats, including MP3). 

MPEG is a working group established under the joint 
direction of the International Standards Organisation / 
International Electrotechnical Commission (ISO/IEC) to 
create standards for digital video and audiophonic 
compression [6]. More precisely, MPEG defines the 
syntax of audio and video format needing low data rates, 
as well as operations to be undertaken by decoders. 
MPEG Audio is based on perceptual encoding 
techniques, which take advantage of the characteristics of 
human hearing and remove sounds that most people can’t 
hear. The file extension for the audio layer (layer 3) of a 
MPEG file is MP3 [7;8]. This layer uses perceptual audio 
coding and psychoacoustic compression to remove 
redundant or irrelevant sound signals (Fig. 1). It uses a 
hybrid filter bank which consists of a polyphase filter and 
a Modified Discrete Cosine Transform (MDCT), to 
increase the resolution of the frequency at certain bands. 
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Fig. 1: Basic scheme of the MP3 encoding process. 
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The encoder first divides the signal into multiple sub-
bands, so the encoded signal can be better optimized to 
the response of the human ear. Sounds below the 
threshold of hearing at each band can be removed by the 
encoder. Furthermore, the ear is most sensitive to 
frequencies between 2 kHz and 4 kHz, so less 
information can be removed from this range without 
affecting the quality of the sound. Moreover, quiet sounds 
are “masked” by louder sounds that are close to them in 
frequency and time. Since you can’t hear these sounds, 
they can be removed from the signal without affecting the 
perceived quality. MPEG encoders rely on the resolution 
used in the uncompressed audio file to set the range of 
resolution that will be used for the encoded file. The 
resolution of the encoded file is varied according to the 
complexity of the signal to achieve compression. 

 
III. DATABASE 

 
Kay Elemetrics database [9] was employed for this 

work, due mainly to its availability. It was recorded by 
the Massachusetts Eye and Ear Infirmary Voice and 
Speech Lab. and contains recordings of sustained 
phonation of vowel /a/ (53 normal and 657 pathological). 
We have considered only a subset of all the possible files, 
53 normal and 173 pathological voices, according to [10]. 
This decision was adopted in order to avoid recordings 
without a diagnosis and because the selected files form a 
compact set: features sex and age are uniformly 
distributed between the two classes. The files were down-
sampled to 25 kHz when necessary. 

Based on these files, we have established four different 
corpora of voices for the experiments (Fig. 2). The first 
one comprises the original files, recorded in the standard 
WAV format. The three other sets were created through 
MP3 encoding of the former files, with different bit rates 
(160 kbps, 48 kbps and 24 kbps). For subsequent 
processing, the files were decoded back to WAV format. 

 
# Original (wav) Mp3 encoding Decoding (wav) 
1 25 kHz; 16 bits —  — 
2 25 kHz; 16 bits 24 kHz; 160 kbps 24 kHz; 16 bits 
3 25 kHz; 16 bits 24 kHz; 48 kbps 24 kHz; 16 bits 
4 25 kHz; 16 bits 24 kHz; 24 kbps 24 kHz; 16 bits 
Fig. 2: Summary of the four speech corpora used in this work. 

 

IV. FEATURE EXTRACTION 
 

It is well known that the acoustic signal contains 
information about the vocal tract and the excitation 
source. The idea for this research was to use a short-term 
non-parametric approach to model the effects of 
pathologies on both the excitation (vocal folds) and the 

vocal tract. The feature extraction procedure (Fig. 3) is 
described in the next paragraphs. 

The speech recordings are divided into 20 ms frames, 
applying a Hamming window to smooth the extremes. 
Windows are overlapped every 10 ms. At this point, the 
frames corresponding to silence or unvoiced fragments of 
speech are detected and marked for subsequent removal. 
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Fig. 3: Overview of the feature extraction procedure. 

Afterwards, several mel cepstral coefficients are 
estimated from each frame using a non-parametric FFT-
based approach. MFCC parameters [11;12] are obtained 
calculating the discrete cosine transform (DCT) over the 
logarithm of the energy in several frequency bands, 
disposed in the “mel scale”. The number of bands is 
M=round(4·ln(sampling frequency)).  

Each band in the frequency domain is bandwidth 
dependant of the central frequency of the filter. The 
higher the frequency, the wider is the bandwidth. Such 
method is based on the human perception system, 
establishing a logarithmic relationship between the real 
frequency scale (Hz) and the perceptual frequency scale 
(mels) (Eq. 1). 

⎟
⎠
⎞

⎜
⎝
⎛ +=

700
1·log2595 10

Hz
mel

FF  (1) 

A better representation of the dynamic behaviour of 
speech can be obtained by including the first temporal 
derivatives of the parameters among neighbour frames 
[12]. The first derivative (delta) provides information 
about the dynamics of the time-variation in MFCC 
parameters. Their calculation is achieved by means of 
anti-symmetric moving-average Finite Impulse Response 
(FIR) filters to avoid phase distortion of the temporal 
sequence. 

The number of MFCCs parameters considered in this 
work ranges from 12 to 32 in order to find the optimal 
dimensionality for our purposes. 

After the calculation of features, vectors corresponding 
to silence or unvoiced sounds are removed. The total 
number of vectors obtained from the files is nearly 
32,000 (15,000 normal; 17,000 pathological). 

 

V. THE ANN DETECTOR 
 
Artificial neural networks (ANN) have been widely 

used in pattern recognition and voice pathology detection. 
A feedforward multilayer perceptron (MLP) with a single 
hidden layer has been chosen for this purpose. The 
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learning algorithm used is backpropagation with 
momentum [13, chapter 6]. 

The input layer has as many inputs as MFCCs 
parameters. The output layer has two neurons that map 
their outputs to a value in the range [0, 1] by means of a 
sigmoid function (Eq. 2). 

f x
e x( ) =

+ −

1

1  
(2) 

The network is trained by successive iterations of the 
algorithm, reducing the mean squared error over the 
training set. Generalization of the learning is assessed 
with the test set. 

 
VI. EVALUATION PROCEDURE 

 
Files are arranged in two sets, one for training and one 

for testing and validating the results. We have chosen a 
70%-30% split for these sets. Feature extraction from the 
files is accomplished after these sets are built. The 
vectors of the training set are normalised in the range [0, 
1]. The same transformation is then applied to the test set.  

Once the system is trained, the test set is employed to 
estimate the performance of the detector. The final results 
are presented through confusion matrices (Fig. 4), where 
we define the next measures: True positive (TP) is the 
ratio between normal files correctly classified and the 
total number of normal voices. False negative (FN) is the 
ratio between wrongly classified normal files and the 
total number of normal files. True negative (TN) is the 
ratio between pathological files correctly classified and 
the total number of pathological files. False positive (FP) 
is the ratio between pathological files wrongly classified 
and the total number of pathological files. The final 
accuracy or correct classification rate (CCR) of the 
system is the average of TP and TN. 

 
Actual diagnosis 

 
Normal Pathological 

Normal TP FP Detector’s 
decision Pathological FN TN 

Fig. 4: Typical confusion matrix. TP, FP, FN and TN stand for 
True Positive, False Positive, False Negative and True Negative 

respectively. See text for definitions. 
 
We have employed a cross-validation scheme, namely 

the bootstrap method [14; chapter 9] to assess the 
generalization of the model. Each experiment is repeated 
10 times, with a different test set, randomly chosen from 
the whole set of files. The final results are averaged 
across these repetitions, and confidence intervals are 
computed using the standard deviation of the measures. 
Accuracy for both frames and files is presented. 

During the system testing, a score representing the 
likelihood of the input vector for belonging to the desired 
class (i.e. pathological voice) is produced. These scores 
are compared to a threshold value in order to compute the 
confusion matrix. If we move this threshold we obtain a 
set of possible operating points for the system, which can 
be represented through a Detector Error Tradeoff (DET) 
plot [15], widely used in speaker verification. In this plot, 
the false positives are plotted against the false negatives, 
for different threshold values (Fig. 7).  

 
VII. RESULTS 

 
For each one of the speech corpora, several 

experiments were performed in order to achieve the best 
possible combination of input features (different number 
of MFCC parameters, with and without derivatives) and 
neural network paramenters (different number of nodes in 
the hidden, learning rates, etc.). 

Fig. 5 presents a summary of best results for the 
different corpora (wav and mp3, with different bit rates) 
given in a frame basis. Fig. 6 shows the corresponding 
results on a file basis. 

 

Corpus Features Confusion matrix 

83.34±4.32 9.30±3.37 
16.66±4.32 90.70±3.37 1 

16 MFCC + delta 
20 neurons 

CCR: 87.38±1.81 
85.01±7.81 12.12±4.26 
14.99±7.81 87.88±4.26 2 

16 MFCC + delta 
10 neurons 

CCR: 86.51±3.67 
83.28±7.71 10.54±2.91 
16.72±7.71 89.46±2.91 3 

20 MFCC + delta 
14 neurons 

CCR: 86.53±4.30 
79.24±8.96 ±3.99 
20.76±8.96 89.50±3.99 4 

28 MFCC + delta 
16 neurons 

CCR: 84.67±4.87 
Fig. 5: Results of the classification (in %) given in a frame basis 

(mean ± std dev) for the different corpora. 
 

Corpus Features CCR 

1 16 MFCC + delta; 20 neurons 87.79±2.86 

2 16 MFCC + delta; 10 neurons 87.5±4.06 

3 20 MFCC + delta; 14 neurons 87.94±4.21 

4 28 MFCC + delta; 16 neurons 86.76±4.80 
Fig. 6: Results of the best correct classification rate (in %) 

given in a file basis (mean ± std dev) for the different corpora. 
 
Fig. 7 shows four DET plots that represent the 

averaged individual systems described in Figs. 5 and 6. 
The curves are drawn from the scores obtained with the 
10 test sets of each experiment. 

 

Special session on voice pathology classification 17



 
Fig. 7: DET plots comparing the performance of the averaged 

systems. 
 

VII. CONCLUSIONS 
 
As it can be seen from Fig. 7, the performance of the 

original WAV files seems to be better than the mp3. But 
if we considered the confidence intervals, as reflected in 
Fig. 5 by the standard deviations, we must conclude that 
there are no significant differences between such systems. 

MP3 coding transforms the energy in bands in a 
similar way than MFCCs. The part of the signal that is 
lost due to the compression seems to be not significant 
for pathology detection. Performance with MP3 may be 
somewhat inferior to that with the original WAV files, 
but MP3 needs less storage space. 

More experiments have to be carried out to confirm 
this conclusion. We have to test also the performance of 
this detector with maximum MP3 compression (bit rate of 
8 kbps). 
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