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Abstract
In this paper the procedure for feature vector extraction and the
problems, which must be solved, by defining the feature vec-
tors, which contain only the information about the speech signal
are described. A new procedure of feature extraction which is
based on the frame elimination and frequency spectrum reduc-
tion for the noisy part of the speech signal is proposed. For all
tests the Slovenian telephone speech database SpeechDat II was
used. The connected digits were used for both, training and test-
ing. There were 800 speakers used for training and 200 for test-
ing. The word recognition accuracy was increased for 3.1 per-
centage points with the new procedure, and this was achieved,
when the number of Gaussian mixtures was four times smaller
than with the ordinary method. The results obtained are espe-
cially encouraging for the systems where the size of the avail-
able memory and processing power are limited (for example,
mobile phones).

1. Introduction
Nowadays the automatic speech recognition accuracy that can
be achieved in laboratory environments is relatively high. How-
ever, as soon as the recognition is placed in the natural environ-
ment, the recognition accuracy is almost always significantly
worse. The final result of the research and development in
the field of speech technology will be the applications, which
will have to operate in the natural environment. Here the en-
vironmental noise is inevitable. The usage of the speech pre-
processing techniques is one of the possibilities for the reduc-
tion of the noise influence on the automatic speech recognition
accuracy.

The process of feature extraction is very important in the
process of automatic speech recognition and has a great influ-
ence on the efficiency of the automatic speech recognition sys-
tems. The methods for feature’s classification are inefficient, if
the methods for feature extraction are unclear and unable to ex-
trude appropriate characteristics of certain parts of the speech
signal. The methods for feature extraction are required to be:

� able to clearly distinguish between different parts of the
speech signal,

� able to extract only the information, which is needed for
speech recognition and understanding,

� must not make difference between the same parts of the
speech signal, which were spoken by different speakers.

In practice, the problem is much more difficult, because the
methods, that are currently being used for feature extraction,
can only poorly fulfil the requirements mentioned before. The

problems of existing methods for feature extraction are as fol-
lows:

� different parts of the speech signal are not always thor-
oughly separated, which is the reason why overlapping
of feature vectors of different parts of the speech signal
might appear,

� feature vectors of the same parts of the speech signal,
obtained by different speakers, might be different,

� feature vectors of different parts of the speech signal, ob-
tained by different speakers, might overlap.

Another problem concerning the issue of feature extraction
is that basic features of the speech signal, which would assure
the above mentioned characteristics, have not yet been defined.

To continue, acoustic conditions might cause the corruption
of one or several components of the input feature vector in the
process of automatic speech recognition. We may expect that
the speech recognition will be unsuccessful, if nothing is done
to deal with such corrupted features once we realize their pres-
ence in the system.

The problem of reduced automatic speech recognition effi-
ciency in the presence of noise has been investigated for sev-
eral years. In general the researchers have aimed to achieve the
robustness of the automatic speech recognition models to the
noise in three ways [1]:

� by using noise resistant features – systems based on
spectral subtraction [9],

� by adapting the recogniser’s statistical models to noise –
by using parallel model combination [10],

� by using a distance measure that is robust to noise [11].

One of possible techniques is Missing feature theory [2, 3,
7, 8], which has been introduced in order to improve the quality
of automatic speech recognition in unfavourable acoustic con-
ditions. If only reliable parts of the acoustic information are
used and if unreliable feature vectors are ignored, the accuracy
of the automatic speech recognition can often be maintained at
the same level as in undisturbed conditions.

A new procedure of feature vector calculation that is based
on the frame elimination and frequency spectrum magnitude
reduction for the noisy parts of the speech signal is described
in the Section 2. In the Section 3 two methods which were
used in our research are presented. In the first method we as-
sumed, that the parts of the signal with low mean value of the
frequency spectrum magnitude contained noise and were there-
fore excluded from further processing. In the second method we
halved the value of the frequency spectrum magnitude for those
parts of the frequency spectrum of each frame, for which we
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assumed that they were noisy. In the Section 4 we describe the
tests with Slovenian fixed telephone speech database Speech-
Dat II. The results of the tests are described and discussed in
Section 5. Finally, conclusions are given in Section 6.

2. Feature vector calculation

In the Fig. 1 the procedure for feature vector extraction is shown
[4]. The parts of the signal, which contain only noise, contain
no useful information, which could contribute to the improved
speech recognition. Therefore such parts are to be eliminated
from further processing. The working procedure, which was
used was as follows.

Prior to the framing, a notch filtering operation was applied
to the samples of the input speech signal to remove their DC
offset, producing the offset-free input signal. The sampling fre-
quency of the input signal was 8 kHz. The offset-free input sig-
nal was divided into overlaping frames of the length of 25 ms.
The frame shift interval was 10 ms long. For each frame the
energy logarithm was calculated, which was then used as one
of the coefficients in the output feature vector. Afterwards the
pre-emphasis and Hamming window application were carried
out in each frame. The noisy feature elimination, that followed,
was done using two procedures, both of which were carried out
in the frequency domain, where the average value of the fre-
quency spectrum magnitude was estimated. In the first proce-
dure the entire noisy frame was eliminated. However, in the
second method we only reduced the frequency spectrum mag-
nitude for those parts of the frequency spectrum, for which we
assumed that they contained noise. In the next step 23 filters
were calculated, which were equally distributed in the mel fre-
quency domain. The non-linear transformation and the discrete
cosine transformation were performed and the twelve mel cep-
stral coefficients (C1 – C12) were obtained as the result. The
last step before performing the automatic speech recognition by
the use of speech modelling with the hidden Markov models
[5], was to calculate delta and acceleration coefficients.

3. Determination of the noisy parts
of the signal

As mentioned before, the parts of the signal, which contained
noise or speech were defined by calculating the average value
of the frequency spectrum magnitude, which was measured in
each frame. The average value of the frequency spectrum mag-
nitude was calculated using the following equation:

Figure 1: Procedure of feature vector generation.

Figure 2: Noisy frame elimination.
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where N is the number of frames used, FFTL is the length
of the fast Fourier transformation and bink;n is the value of
frequency spectrum magnitude for the sample k in the frame n.

In our work two methods, which were in general described
before, were used for the elimination or reduction of the influ-
ence of the noisy parts of the signal. We shall now look at them
in more detail.

3.1. Frame elimination

The noise limit was set in the first 100 ms of each recording.
To set the noise limit we assumed, that the first 100 ms of the
recording contained only noise. The number of frames N was
set to the value of 16 and the length of the fast Fourier transform
FFTL was chosen to be 256.

The average value of the frequency spectrum magnitude for
each frame was calculated, when N was set to 1. Using the first
method we used only the signals which fulfilled the condition
from the following equation:

bin =

8<
:

binw; binw > binn

0; binw � binn

, (2)

where binw is the calculated average value of the frequency
spectrum magnitude for a certain frame and binn the calcu-
lated average value of the frequency spectrum magnitude in the
length of 100 ms at the beginning of the signal. In this case
we eliminated all the frames from further processing, for which
the average frequency spectrum value was lower or equal to the
average value of the signal, which was supposed to noise. The
procedure is graphically presented in Fig. 2.

3.2. Frequency spectrum magnitude reduction

To detect the noisy parts of the signal frequency spectrum the
output of the equally distributed 23 mel-scaled filters was used.
In the first 100 ms of the signal the threshold for particular filter
channel was calculated. To accomplish this requirement, we
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Figure 3: Frequency spectrum magnitude reduction for the
noisy part of the frequency spectrum.

used the following equation:
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where cbink is the central frequency of the k-th filter, and
k = 1; : : : ; 23. The central frequency cbin0 was set according
to the starting frequency of the entire frequency range, which
was set to 64 Hz, whereas the centre frequency cbin24 was set
in accordance at the halve value of the sampling frequency. The
value of the frequency spectrum magnitude of certain frame
was changed when the conditions from the following equation
were met:

bini;w =

8<
:

bini;w; fbankk;w > fbankk;n

bini;w=2; fbankk;w � fbankk;n

, (4)

where bini;w is the frequency spectrum magnitude for the i-th
sample in a certain frame. At the k-th central frequency filter
the value of the index i is changed from k � 1 to k + 1 central
frequency filter. The value fbankk;n represents the value of
the k-th mel filter, which is presupposed to be noisy, whereas
fbankk;w represents the value of the k-th mel filter, which is
calculated for current frame. If the value of the k-th mel filter
of a certain frame is below the value of the k-th mel filter, which
is presupposed to be noisy, the value of the frequency spectrum
magnitude is halved. The procedure is graphically presented in
the Fig. 3.

4. Experiments on connected digits
The experiments were made on the Slovenian fixed telephone
speech database SpeechDat II [6]. We used connected digits
(corpus B1, C1 – C4 and I1) both for training and testing. For
training 800 speakers and for testing the predefined test set of
200 speakers were used. For the hidden Markov modelling the
HTK toolkit was used [5]. The training was done on the mono-
phones and triphones. The Gaussian mixtures were increased
by power of 2 up to 32 mixtures.

The first test (baseline experiment) was made with the
use of 12 mel cepstral coefficients and the addition of energy
logarithm and delta and acceleration coefficients calculation

(MFCC E D A). Here the feature vector of the size of 39 co-
efficients was obtained. In the first experiment the noisy frame
elimination and the frequency spectrum magnitude reduction
for the noisy parts of the signal were not made. The first recog-
nition experiment was used as a measure for the further experi-
ments. For all the following tests the same method was used for
training hidden Markov models and for testing.

The second experiment was made by using the feature vec-
tors, which were generated by the use of the procedure, de-
scribed in the Section 3.1. In this experiment the frames, the
frequency spectrum of which contained only noise, were elimi-
nated (Fig. 2).

In the third experiment, the procedure, described in the Sec-
tion 3.2, was used. However, in this experiment the frequency
spectrum magnitude was halved only in that parts of the fre-
quency spectrum of a certain frame, for which we assumed that
it was corrupted by noise (Fig. 3). This experiment was carried
out on the frames, which were obtained as a result of the first
method.

5. Results and Discussion
The first method, by which the noisy frames were eliminated,
has the biggest contribution to the word recognition accuracy.
The improvement of the word recognition is most obvious when
the number of Gaussian mixtures is small. By the use of the
second method, where the frequency spectrum magnitude on
those parts of the spectrum, which are assumed to be noisy is
halved, additional increase in speech recognition accuracy can

Figure 4: Recognition accuracy (Acc) with monophones for
connected digits recognition task using different number of
Gaussian mixtures.

Figure 5: Recognition accuracy (Acc) with triphones for con-
nected digits recognition task using different number of Gaus-
sian mixtures.
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Table 1: Recognition accuracy (Acc) with monophones ans
triphones for connected digits recognition task using different
number of Gaussian mixtures.

experiment mono1 mono8 mono32 tri1 tri8 tri32

first 55.0 75.3 81.2 71.7 86.9 90.2
second 81.5 89.2 91.7 87.9 92.6 94.3
third 84.9 90.7 92.3 89.6 93.3 94.4

be achieved. This increase can be best seen in the case of mono-
phone acoustic models (Fig. 4), when hidden Markov mod-
elling is carried out by only one Gaussian mixture.

On the other hand the results, which can be seen in the Ta-
ble 1, show, that for both, monophone and triphone acoustic
models, high recognition accuracy can be achieved when only
eight Gaussian mixtures are used. For the third experiment, the
recognition accuracy was 90.7% for monophones and 93.3% for
triphones when 8 Gaussian mixtures were used.

It can be seen from Table 1, that the increase in the num-
ber of Gaussian mixtures from 8 to 32 contributed 1.6 percent-
age points to the increase in the recognition accuracy by mono-
phones and 1.1 percentage points by triphones.

When both methods are combined (third experiment), the
recognition accuracy increases most when the monophones
with only one Gaussian mixture are used. In this case, the result
84.9% is better than when 32 Gaussians mixtures were used in
the first experiment (81.2%).

In the third experiment, which was made, the recognition
accuracy with triphone acoustic models and 8 Gaussian mix-
tures was 93.3%. However, using the first experiment, where
we did not eliminate any noisy windows and did not reduce
the frequency spectrum for those parts of the spectrum, which
contained noise, the maximum recognition accuracy for tri-
phone acoustic models was 90.2%, when 32 Gaussian mix-
tures were used. We can therefore conclude, that the increase
of the word recognition accuracy by 3.1 percentage points was
achieved by the use of noisy frame elimination and frequency
spectrum magnitude reduction for the parts of the spectrum,
which contained noise. Moreover, the increase in the accuracy
was achieved, when the number of Gaussian mixtures was four
times smaller than with the ordinary method.

Owing to the results of our research, high recognition ac-
curacy can be achieved at relatively small number of Gaussian
mixtures if our methods are used. This might be extremely im-
portant and useful for the systems where processing power and
memory available are of a limited extend (for example, mobile
phones).

6. Conclusions
In this article two methods for noise influence reduction in
speech recognition were presented. At the first method the noisy
frames were eliminated, from further processing. At the second
method, which uses the results of the first method, the frequency
spectrum magnitude on noisy parts of the frequency spectrum
was halved.

The word recognition accuracy was increased for 3.12 per-
centage points (system using triphones with 8 Gaussian mix-
tures per state), when the noisy frame elimination and frequency
spectrum reduction was used, but this was achieved, when the
number of Gaussian mixtures was four times smaller than with
the system without such pre-processing (system using triphones
with 32 Gaussian mixtures per state).

The first method has the highest contribution to the speech
recognition accuracy. By elimination of the noisy frames we
achieve significant savings on the time required for acoustic
model training.

The results obtained are especially encouraging for the ap-
plications, where the size of the memory available and the pro-
cessing power are limited (for example, mobile phones).
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