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ABSTRACT
The main purpose of this paper is to present how to raise
the speech recognition performance in noisy environment.
So far the most popularly used speech feature in speech
recognition is probably the so-called MFCC. The
recognition rate of speech recognition algorithm using
MFCC and CDHMM is known to be very high in clean
speech environment, but it deteriorates greatly in noisy
environment, especially in the white noisy environment. In
this paper, we propose a new speech feature, the ASBF
speech feature based on the mathematical model of inner
ear of human auditory system. This new speech feature is
extracted using both mathematical model of inner ear and
primary auditory nerve processing model of human
auditory system, and it can track the speech formants
effectively. In the experiment, the performance of MFCC
and the ASBF are compared in both clean and noisy
environments when using left-to-right CDHMM with 6
states and 5 Gaussian mixtures. The experimental result
shows that the ASBF is much more robust to noise than
MFCC. When only 5 dimension is used in ASBF vector,
the recognition rate is approximately 38.6% higher than
the traditional MFCC with 39 dimension in the condition
of S/N=10dB with white noise.

1. INTRODUCTION
MFCC (Mel Frequency Cepstral Coefficients) is a kind of
traditional speech feature widely used in the speech
recognition research area. The MFCC are well known to
have a good performance in the clean speech environment,
but to be very sensitive to additive noise [1][2]. In the case
of additive white noise, the speech signal is affected
evenly and uniformly at all frequency bands. With
constantly distributed noise energy at all frequency bands,
the SNR (Signal-to-Noise Ratio) is higher for those
frequency components with high signal energy than for
those with low signal energy. If only the frequency
components with high signal energy are used for speech
feature extraction in the recognition algorithm, the
algorithm will perform better in the noisy environments
than that with traditional MFCC speech feature. Speech
formant is one of such speech features, which takes much
time for researchers to investigate [3]. Unfortunately, it is
quite difficult to extract formants from speech, especially

with different speakers and in adverse environment.  The
performance of such formant extraction algorithm is very
sensitive to the background noise and variation of
speakers.

In this paper, we propose a kind of formant-related speech
feature that is called ASBF (Auditory Spectrum Based
Feature) based on the MMC (Mathematical Model of
Cochlea) and PANPM (Primary Auditory Nerve
Processing Model) of human auditory system. The ASBF
extraction algorithm can effectively track the formant
positions within a frame of speech in the frequency
domain, besides it can also track some frequency peaks
that are considered to be important to our human auditory
perception. Its advantage is that it can always track the
speech formants and some auditory sensitive frequency
peaks without affection of speaker variation and
background noise. It is quite robust to the speaker
variation and background noise because it is based on the
human auditory properties. Experimental result shows that
the recognition rate can be increased by 38.6% in the
white noisy environment (S/N=10dB) when ASBF is used
with CDHMM (Continuous Density Hidden Markov
Model) compared with the MFCC used with CDHMM.

2. SPEECH FEATURE EXTRACTION
In nature, human auditory system has very high
performance for speech recognition in noisy environment.
A new speech feature based on human auditory properties
will be put forward in this paper, and the speech feature
will be utilized to develop a robust speech recognition
algorithm with the combination of CDHMM.  The main
principle of feature extraction will be presented below.

2.1 HUMAN AUDITORY CHARACTERISTICS
According to auditory physiology [4], speech is input to
the inner ear (cochlea) through outer ear and middle ear.
Different frequency components of speech will stimulate
an amplitude vibration in different locations along the
tapered basilar membrane (BM). The higher the energy of
the frequency components, the higher the amplitude
vibration stimulated on the BM, and also the bigger the
stimulated range on the BM. A low frequency component
stimulates an amplitude vibration in the top end of tapered
BM, and a high frequency component stimulates an
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amplitude vibration in the base end of BM. A strong
frequency component will stimulate a high amplitude
vibration and a large vibration range on the BM, more
auditory nerves will also be stimulated in the
corresponding area along the BM. By detecting the
vibration location, vibration amplitude, vibration range
along the BM, and number of nerves stimulated in the
location, we can detect the frequency component and its
strength.

Since noise (white noise) has a flat spectrum, it will not
generate an obvious peak of amplitude vibration on the
BM although it will generate some kind of vibration.
Since the human auditory system has quite good
adaptation ability, it does not percept such noise after a
period of adaptation time. The adaptation ability of
auditory system can be explored and used to raise the
robustness of speech recognition in noisy environment.

2.2 MATHEMATICL MODEL OF COCHLEA
After each speech frame is transformed to frequency
domain with FFT, it is passed to the MMC or cochlear
filter banks whose frequency responses are shown in Fig.
1. MMC is a mathematical model of the BM  or the inner
ear. It was successfully applied in [5] for the application of
low-bit-rate speech coding. MMC is actually composed of
a bank of filters and used to mimic the BM vibration in the
human auditory system. The frequency response in Fig.1
reflects the BM response (vibration amplitude) to the
auditory stimulus in the outer ear (sound pressure).

Figure 1. Frequency response of MMC

The formula of MMC is the following [6]:
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Its transfer function can be written as [6]:
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In Equation (1), us(n) stands for the stape’s velocity in the
middle ear, which represents auditory stimulus in the outer

ear (sound pressure), yk(n) is the BM displacement or
vibration amplitude in position xk, which represents the
BM response to the auditory stimulus. Parameters b1k, b2k,
Ak and a0k are coefficients with respect to the position xk

along the BM.  Equation (2) is the transfer function of
Equation (1) in z domain.

2.3 ALGORITHM OF AUDITORY MODEL BASED
SPEECH FEATURE EXTRACTION

Based on what is mentioned above, a new speech feature,
ASBF can be proposed and principle of its extraction is
presented below. There are several steps to extract ASBF
feature. A block diagram shown in Figure 2 illustrates the
general structure of the ASBF extraction algorithm.

Figure 2. ASBF extraction

After speech frame is pre-processed [7], it will be further
processed in frequency domain, and then the MMC will be
used to filter the signal. The PANPM will then be utilized
to determine the dominant frequencies in frequency
domain for each frame of speech. The purpose of PANPM
is to simulate the signal processing of primary auditory
nerves in human auditory system. The PANPM simulates
the strength effect of each auditory nerve and ensemble
effect of all the auditory nerves. It will select the most
significant frequency components from speech frame
according to the above mechanism as illustrated in Figure
2. M is the threshold that is set based on the experiment.
Its value depends on the noisy environment. It generally
takes the value of 3 to 10 depending on the environments.
The bigger the noise is, the larger the value of M. A
counter is set up for each frequency to count the number
of times the particular frequency being one of the
dominant frequencies in the cochlear filter banks. Some
frequency components with very small signal energy
would have counts of zero, while those around the formant
frequencies would tend to have a large count. When the
count of a particular frequency exceeds a threshold M, the
frequency is extracted as one component of ASBF.
In Figure 2, N cochlear filters are used to realize MMC. N
is set to 50 in the experiment. FFT point takes the value of
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512 in the experiment. M stands for the number of filters
whose output for a particular frequency is listed in the first
M largest value for all the N filters. Generally its value
can be set to 5. If there is very strong background noise, M
should be large because the noise can be removed
effectively with large value of M. Otherwise M should be
small. M can be made to be adaptive to the background
noise.

3. POST-PROCESSING OF SPEECH FEATURE
Generally, dimension of feature vector for each speech
frame is different after extraction according to Figure 2.
CDHMM requires that each feature vector have same
dimension. In order to make the dimension to be same for
CDHMM, and reduce the dimension for algorithm
simplification, extracted speech feature should be further
processed using human auditory properties and some
mathematical methodology.

3.1 USING MASKING EFFECT
According to human auditory perception, a frequency
component with high energy can mask off the
neighbouring frequency components with energy lower
than a certain profile [8]. Such perceptual masking effects
are used very frequently in audio coding. In our case,
when the extracted frequencies are very closed to each
other, redundant frequencies with lower energy are
eliminated to account for the masking effects. The
remaining features are ASBF.

3.2 DIMENSION REDUCTION
Since the dimension for extracted feature vectors may not
be the same after ASBF extraction, some feature vectors
may have the dimension more than required for CDHMM,
dimension reduction has to be made on the extracted
ASBF features. It is finished through removing some
nearest feature components with lower energy according
to human auditory discrimination property.

3.3 SMOOTHING THE FEATURE
To model the slowly varying articulation effect of voice
production mechanism, a smoothing function is applied to
smooth the feature fluctuations. The smoothed frequency
value is computed by taking a linear combination of the
nearest extracted frequency in previous frame with respect
to the position of the current feature, extracted frequency
in current frame and a dc offset frequency. The smoothing
function used is the following:
          )()()1()( 210 ndccnycnxcnx ++−=          (3)

In Equation (3), n is the time index, x(n) is the smoothed
feature, y(n) is the original extracted feature, dc(n) is the
dc offset frequency for x(n), and c0, c1 and c2 are
coefficients for averaging the terms x(n-1), y(n) and dc(n)
such that the sum of the three coefficients is unity.
Figure.3 presents a result of ASBF extraction discussed
above for a frame of speech with English word “two”.

Figure 3. ASBF for a frame of speech with English word
“two” after masking

The ASBF components are indicated using the vertical
lines in Figure 3. There are generally two types of
parameters after feature extraction, i.e. frequencies and
amplitudes. The experimental result shows that the
amplitudes are of little use to improve the algorithm
performance. Therefore only the frequencies are taken as
the ASBF. These frequencies are the dominant frequencies
whose counts exceed a threshold M. These are also
frequency values at which the local maxima in the
frequency spectrum appear. The upper figure in Figure 3
shows that 8 frequencies are extracted before frequency
masking. Since some extracted frequencies are very near
to the others, frequency masking can remove those
frequencies with relatively low energy. As a result, the
extracted frequencies can be reduced. After masking, the
dimension of ASBF will be compared with the desired one
used in CDHMM. The ASBF dimension will be adjusted
to be the same as what is required in CDHMM, and finally
feature smoothing is adopted to further improve the
algorithm performance.

4. THE RESULTS OF EXPERIMENT
In experiment, the performances of both ASBF and MFCC
as speech feature are compared in clean and noisy
environment when CDHMMM is used. The experiments
are conducted using the isolated digits from database
TIDIGITS. There are 1210 utterances from 55 speakers
for training data set and 1232 utterances from 56 speakers
for testing data set. Each digit is modelled using a left-to-
right CDHMM with 6 states and 5 Gaussian mixtures per
state. The frame length is 10 ms with 5 ms overlapping
between consecutive frames. In the experiment, the
threshold M is set to 5 and the number of the cochlear
filters N is set to 50. White noise is added to all frames of
the clean speech at SNR of 5dB, 10dB, 15dB and 20dB.
The MFCC feature vector has 39 dimensions, including 13
cepstral coefficients, 13 cepstral derivatives and 13
cepstral acceleration. In all experiments, the frequency
bandwidth is limited from 0 to 5000 Hz for generating
both ASBF and MFCC and the pre-emphasis coefficient is
set to be 0.95. The results are presented in Table 1. The
number enclosed in brackets in Table 1 is the dimension
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of the feature vector being used. Note that only the
optimised M values are used for different SNR conditions.

Table 1. Recognition rate on clean and white noisy
environment using MFCC and ASBF with CDHMM

Recognition rate (%)

Feature
(Dim.) Clean

S/N=
20dB

S/N=
15dB

S/N=
10dB

S/N=
5dB

MFCC
(39) 97.5 74 38.3 12.1 4.9

ASBF
(5) 92.8 79.8 68.1 50.7 29.1

In Table 1, we can find that the recognition rate is slightly
higher for the 39-dimension MFCC than for 5-dimension
ASBF in clean speech conditions. When white noise is
added to the speech, the result shows that using ASBF as
features can be significantly better than using MFCC. At
20 dB SNR, the recognition rate of ASBF with 5
dimension features is approximately 6% higher than the
MFCC with 39 dimension features. At 15 dB SNR, the
proposed ASBF achieves almost 30% higher recognition
rate than the MFCC. At 10 dB SNR, the ASBF achieves
approximately 38% higher correct rate than the MFCC.
Finally at 5 dB SNR, the ASBF with 5 dimension features
achieves approximately 25% higher recognition rate than
the MFCC with 39 dimension features. If the dimension of
ASBF is increased, the experimental result shows that the
recognition rate can be increased a little. But the optimum
dimension is shown to be from 5 to 8. More dimension
than 8 shows no more improvement for the performance.

The above experimental result shows that, for the
TIDIGIT speaker-independent English isolated digit
recognition task, the proposed ASBF is much more robust
than the traditional MFCC in white noise environments.
As expected, ASBF with more dimension of features yield
a little better performance than ASBF with fewer features,
but the optimum dimension is from 5-8, more dimension
than 8 will achieve no more improvement on the
performance.

5.    CONCLUSION
In this paper, a new kind of speech feature based on the
auditory model is proposed for robust speaker-
independent English isolated digit recognition. The
experimental result shows that the proposed speech
feature, ASBF is much more robust to additive white noise
than traditional MFCC in speech recognition. A small
number of dimensions for ASBF features can achieve
significantly higher recognition rate than a much larger
number of dimensions for MFCC features in the white
noisy environments. That means a good performance can
be achieved using small dimensions of speech feature,
which will raise the recognition speed and make it

possible to realize the algorithm in real-time, for instance,
single DSP chip can be used to realize the algorithm. For
the clean speech environment, the proposed ASBF is a
little worse than the MFCC, because only 5 dimensions
are used for ASBF, some detailed information may be lost.
In order to apply the ASBF into application, an adaptive
algorithm for M should be adopted based on the
background noise level. It is expected that higher
performance will be achieved in the noisy environments
than MFCC while keeping the same performance with
MFCC in clean speech environment if the adaptation
algorithm of M is adopted with the proposed ASBF.
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