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ABSTRACT
In this paper, we derive bio-inspired features for automatic
speech recognition based on the early processing stages in
the human auditory system. The utility and robustness of
the derived features are validated in a speech recognition
task under a variety of noise conditions. First, we develop
an auditory based feature by replacing the �lterbank anal-
ysis stage of Mel-frequency cepstral coef�cients (MFCC)
feature extraction with an auditory model that consists of
cochlear �ltering, inner hair cell, and lateral inhibitorynet-
work stages. Then, we propose a new feature set that retains
only the cochlear channel outputs that are more likely to �re
the neurons in the central auditory system. This feature setis
extracted by principal component analysis (PCA) of nonlin-
early compressed early auditory spectrum. When evaluated
in a connected digit recognition task using the Aurora 2.0
database, the proposed feature set has 40% and 18% aver-
age word error rate improvement relative to the MFCC and
RelAtive SpecTrAl (RASTA) features, respectively.

1. INTRODUCTION
Hearing is one of the most highly developed senses in hu-
mans. The human auditory system can robustly localize, seg-
ment, and recognize sounds embedded in complex scenes. In
contrast, machine recognition performance degrades drasti-
cally in various conditions such as in the presence of noise,
speaker changes or overlapping sources. Despite years of
intensive research in speech production and psychoacoustic
analysis of human auditory system, the machine speech and
audio processing methods still remain poor cousins to their
biological counterparts. Understanding and modelling the
information processing architectures in biological systems
can offer the possibility of reducing the performance gap be-
tween human and machines in realistic conditions.

In the literature, there are signal representation meth-
ods based on physiological evidence such as linear predic-
tive coding (LPC) and Mel-frequency cepstral coef�cients
(MFCC). While the LPC is related to the speech production
model, the MFCC is based on a crude approximation of criti-
cal bands in the human auditory system. These features have
been successfully used in speech recognition, audio classi�-
cation, and auditory scene analysis, however, they are highly
susceptible to noise. The perceptually inspired method called
RelAtive SpecTrAl (RASTA) processing has been shown to
improve robustness of speech recognition in the presence of
noise [1]. It includes critical band analysis, temporal �lter-
ing, and equal loudness adjustment. It is designed to remove
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noise components by �ltering out the slowly changing or
steady-state factors interfering with the speech source.

There has also been research in the area of computational
modelling of early and central stages of human auditory sys-
tem for audio and speech processing. For example in [2, 3],
it has been shown that their proposed early auditory model
is robust to noise. This was used in [4] to extract MFCC-
equivalent features by sampling the output of auditory spec-
trum at the channels corresponding to the MFCC's critical
bands. In [5], robust processing was proposed by combining
MFCC-type front end with an auditory based model. How-
ever, the speech recognition performance with the proposed
feature set was not superior to MFCC [4, 5]. On the other
hand, it has also been shown that multi scale spatio-temporal
modulation features derived from central stages of auditory
system are robust to noise in a classi�cation task in [6], but
these features are computationally very expensive for down-
stream processing since they produce a large dimensional
tensor representation.

In this paper, we present biologically inspired robust
speech processing algorithms based on human auditory sys-
tem. As mentioned before, the multi-scale cortical represen-
tation of central auditory system is computationally very ex-
pensive [4, 6]. Hence we focus only on the early auditory
(EA) processing which is computationally less expensive and
has also been shown to be robust to noise. The contributions
of this work are as follows. First, we develop an auditory pro-
cessing based feature by replacing the triangular �lter bank in
MFCC feature extraction with a model that is more faithful to
the processing stages in the EA system. The EA model used
here consists of cochlear �ltering, inner hair cell, and lateral
inhibitory stages mimicking the process from basilar mem-
brane to the cochlear nucleus in the auditory system. Then,
a novel feature extraction algorithm is proposed which re-
tains only the cochlear channel outputs that are more likelyto
�re neurons in the central auditory system by using principal
component analysis (PCA). We also show empirically that
an additional nonlinear compression modelling the outer hair
cells has signi�cant improvement on the speech recognition
performance of the extracted feature set. The robustness of
the developed features to a variety of noisy scenes is testedin
a speech recognition task using the Aurora 2.0 database, and
compared with state of the art MFCC and RASTA features.
The experimental results show that the proposed feature set
is more robust to noise compared to MFCC and RASTA fea-
tures.

The paper is organized as follows. In Section 2, an
overview of EA spectrum estimation along with the auditory



Figure 1: A computational model of processing in the early
auditory system [2]

based feature extraction is provided. In Section 3, the exper-
imental set-up together with the preliminary speech recogni-
tion results is discussed. Section 4 presents analysis of the
auditory model, and explains the robust features obtained by
post processing the EA model output. The experimental re-
sults are detailed in Section 5.

2. EARLY AUDITORY PROCESSING AND
AUDITORY BASED FEATURES

In the human auditory system, when acoustic signal en-
ters the ear, sound pressure waves create vibrations along
the basilar membrane of cochlea. The cochlea separates
the incoming signal frequencies by responding to different
frequencies in different spatial locations along its length.
Hence, the basilar membrane can be thought as a bank
of band-pass �ltersh(t;s) tonotopically ordered along the
length of cochlea [2]. The spectral analysis performed by
the cochlear �lters is implemented as a bank of 128 overlap-
ping constant-Q asymmetric band-pass �lters [2]. The cen-
tral frequencies of the band-pass �lters are uniformly dis-
tributed along a logarithmic frequency axis (s).

The inner hair cell (IHC) stage transfers cochlear �lter
outputs into auditory nerve patterns. The IHC stage can be
modelled in three steps: a high-pass �lteru(t) correspond-
ing to �uid-cilia coupling, followed by a nonlinearityg(�)
corresponding to ionic channel, and a low-pass �lterw(t) to
model the leakiness of hair cell membrane [2]. Here,g(�)
is implemented by a sigmoidal function, andw(t) is imple-
mented to represent phase-locking decrement in the auditory
nerve beyond 2 kHz [2].

A hair cell �res when the potential builds up along the
hair cell membrane. Auditory nerve �bers carry this neural
spike to the cochlear nucleus of the central auditory system.
In the cochlear nucleus, a lateral inhibitory network (LIN)
detects discontinuities along the tonotopic axis [2].The LIN
is modelled by a �rst-order spatial derivative (¶s) followed
by a half wave recti�er (HWR) that models the nonlinear-
ity of the neurons in the LIN. Here, the spatial derivative
is approximated by a difference operation between adjacent
frequency channels. The two-dimensional output,auditory
spectrum[2], is obtained after leaky integration (

R
T ) mimick-

ing the inability of central neurons to follow rapid temporal
changes.This stage is implemented as temporal �ltering over
a short time window,m(t; t ) = e� t=t u(t), with time constant
t = 16 ms. The block diagram of this early auditory process-
ing is shown in Fig 1.

The widely used MFCC is based only on a crude approx-
imation of basilar membrane �ltering in the cochlea, and it
has been shown empirically that it is highly susceptible to
noise. Using a more accurate model of the auditory system
can essentially help to obtain a better performance compared
to the MFFC under noisy conditions. For this purpose, we
introduce auditory based features (ABF) by replacing the tri-
angular �lter bank analysis stage used in MFCC computation

Figure 2: Block diagrams of feature extraction algorithms:
(a) ABF feature extraction (b) PCA-ABF feature extraction
(c) logPCA-ABF feature extraction

with aforementioned early auditory processing model. The
ABF is expected to be robust to noise due to LIN and IHC
stages in the EA model. The spatial derivative used in the
LIN reduces the effect of noise due to the difference oper-
ation between adjacent channels, and the phase locking ac-
tivity in IHC stage enhances the signal [3]. To obtain ABF,
we compute the discrete cosine transform (DCT) of the log-
arithm of theauditory spectrum, and keep 13 of the coef�-
cients as in the MFCC computation. The �rst (D) and sec-
ond order time derivative (DD) features are appended to the
raw features to form 39� dimensional feature vector. In all
of the proposed feature extraction methods in the following
sections,D andDDfeatures are used together with raw fea-
tures, unless stated otherwise. The block diagram of ABF
extraction is summarized in Fig. 2(a), where “EA Model”
box represents the early auditory process shown in Fig. 1.

3. EXPERIMENTAL SETUP AND PRELIMINARY
RESULTS

To validate the new auditory based features, we perform
speech recognition task on the Aurora 2.0 database [7] using
the Hidden Markov Model Toolkit (HTK) [8]. The database
consists of connected digits degraded with different noise
conditions under different signal-to-noise ratios (SNR).We
used 8440 clean utterances from 55 female and 55 male
adults for training, and the recognition is done using the test
sets with varying SNR levels (mis-matched training/testing).
Training and testing follows the speci�cations detailed in
[7].We created HMM word models for digits with 16 states
per digit and 3 Gaussian mixtures per state. A three state
silence model with 6 Gaussian mixtures per state and a one
state short pause model which is tied to the middle stage of
silence model are used. There are two sets of testing data;
Set A and Set B. Set A contains the noise types of subway,
babble, car and exhibition hall and Set B contains restaurant,
street, airport , and train station noise at various SNR levels.

For MFCC feature extraction, we followed the speci�ca-
tions given in [7]. The 39-dimensional MFCC features con-
sisting of 13 cepstral features plusD andDDare used as a
baseline. 23 channels were used during MFCC computation.
The frame size was 25ms, and the frame shift was 10ms. The
ABF extraction details were presented in Section 2.

The speech recognizer performance using both MFCC



and ABF features is shown in Fig 3. Here and in the prelim-
inary results presented in Sec. 4.1 and 4.2, the data were de-
graded with subway noise for varying levels of SNR. We ob-
tained similar results for other noise types as well (discussed
later in Section 5 in detail). It can be observed from Fig 3 that
replacing Mel-�lterbank with a more accurate early auditory
model improves the speech recognition performance under
noisy conditions. These were our initial experiments to un-
derstand the potential of EA modelling, and to see the effect
of using a more detailed feature model on speech recogni-
tion performance. The ABF treats all of the auditory chan-
nel outputs with equal importance. However, the channels
with stronger stimulus might carry more information as ex-
plained in the next section. Thus, the auditory spectrum is
post-processed before feeding it into the speech recognizer
to further improve the noise robustness. The details are pre-
sented in the next section.

4. POST-PROCESSING OF AUDITORY SPECTRUM
4.1 Principal Components of Auditory Spectrum

The output of the early auditory model is transferred to the
neurons in the central auditory system. The �nal stage of the
early auditory model, leaky-integration, represents a simpli-
�ed model of a leaky-integrate-and-�re (LIF) neuron model.
These types of neurons accumulate the charges delivered by
synaptic input, generate a spike when a threshold is reached,
and reset the capacitive charge to zero after spike generation
[9]. The stronger the stimulus, the higher is the chance of
neuron getting �red.

The auditory spectrum obtained from the model pre-
sented in Fig. 1 represents the output of leaky integration.
Here, it is assumed that the channel outputs that �re neu-
rons carry the most signi�cant information. Hence, we �nd
the channel outputs that are more likely to generate a spike.
Since a stronger stimulus has a better chance to generate
a spike, the �lter outputs are linearly transformed to a re-
duced dimension such that the reduced dimension features
represent the strong components of the spectrum, which also
means preserving the most of signal energy. To do this, we
apply PCA [10] at the output of early auditory model. We
retain only the most signi�cant information by using PCA.

PCA is a dimension reduction technique that tries to ob-
tain the best representation of the original data in the least
squares sense in the projected space. LetX = [ x1x2 � � � xN] be
d � N data matrix, whered = 128 is the original data dimen-
sion and N is the sample size, andW = [ w1w2 � � � wm] is the
d � m transformation matrix, where 1� m� d. The goal of
PCA is to �nd Ŵ such as:

Ŵ = argmin
N

å
j= 1

kx j �
m

å
i= 1

(wT
i x j )wik2: (1)

The problem reduces to �nding eigenvalues of the sample
covariance matrixS= 1

N å N
k= 1(xk � u)(xk � u)T , whereu is

the sample mean. The columns ofŴ called principal com-
ponents are the eigenvectors that correspond to them largest
eigenvalues of the data.

To set the number of principal components, we compute

am =
å m

k= 1 l 2
k

å d
i= 1 l 2

i

: (2)

am represents the portion of signal energy retained by keep-
ing m principal components. We setm such thatam is larger
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Figure 3: Speech recognition results with MFCC, ABF,
PCA-ABF (m = 10), and logPCA-ABF (m = 25) for con-
nected digits data with subway noise

than 0.95, and we also consider the speech recognition per-
formance.

The new feature extraction algorithm based on princi-
pal components of auditory spectrum, named as PCA-ABF,
is summarized in Fig 2(b). The PCA transformation ma-
trix W is learnt using the clean training data. The number
of principal components retained is varied in the automatic
speech recognition (ASR) experiments. The best ASR per-
formance is achieved withm = 10 anda10 = 99%. In Fig
3, the speech recognition results with PCA-ABF are shown
together with MFCC and ABF performance. The ASR re-
sults in Fig 3 show that PCA-ABF outperforms both ABF
and MFCC for low SNR levels, whereas it performs poorer
compared to ABF and MFCC for speech with moderate or
high SNR levels. The PCA might be reducing the class dis-
crimination for clean speech since only the signi�cant chan-
nel outputs are retained, and this can cause some informa-
tion loss about the source.However for speech with low SNR
level, the gain achieved with the removal of noise compo-
nents with PCA is higher than the source information loss,
resulting in ASR performance improvement. Fig 3 shows
that �nding the principal components of EA model output is
bene�cial for low SNR levels. Thus, we kept PCA in our fea-
ture extraction algorithm but with an additional compression
step modelling the outer hair cells (OHC) as explained in the
next section.

4.2 Principal Components of Compressed Auditory
Spectrum
The auditory nerves have limited dynamic range [11]. The
dynamic range of basilar membrane and the neural response
are compressed nonlinearly by the OHC. The OHC provide
greater ampli�cation to signals at low levels. We modi�ed
our model, and used logarithmic amplitude transformation
to model the nonlinear compression due to OHC, and then
applied PCA to the compressed auditory spectrum. This
new feature set is called logPCA-ABF. The block diagram
of logPCA-ABF feature extraction is shown in Fig. 2(c).
The best ASR performance was achieved withm = 25 and
a25 = 99% for logPCA-ABF features. The ASR experi-
ment results with logPCA-ABF features are shown in Fig.
3 together with the other features. Fig. 3 shows that with
logPCA-ABF the performance degradation faced with using
PCA-ABF feature set for speech with moderate or high SNR



Table 1: Speech Recognition Results with MFCC (Accuracy %)
Set A Set B

Subway Babble Car Exhibition Avg. Restaurant Street Airport Station Avg.
Clean 98.83 98.97 98.81 99.14 98.94 98.83 98.97 98.81 99.14 98.94

SNR20 96.96 89.96 96.84 96.2 94.99 89.19 95.77 90.07 94.38 92.35
SNR15 92.91 73.43 89.53 91.85 86.93 74.39 88.27 76.89 83.62 80.79
SNR10 78.72 49.06 66.24 75.1 67.28 52.72 66.75 53.15 59.61 58.06
SNR5 53.39 27.03 33.49 43.51 39.36 29.57 38.15 30.69 29.74 32.04
SNR0 27.3 11.73 13.27 15.98 17.07 11.7 18.68 15.84 12.25 14.62
Avg. 74.69 58.36 66.36 70.30 67.43 59.4 67.77 60.91 63.12 62.80

Table 2: Speech Recognition Results with ABF (Accuracy %)
Set A Set B

Subway Babble Car Exhibition Avg. Restaurant Street Airport Station Avg.
Clean 98.26 98.44 98.35 98.66 98.43 98.26 98.44 98.35 98.66 98.43

SNR20 97.47 91.56 96.91 96.1 95.51 90.45 96.19 90.9 95.44 93.25
SNR15 95.22 78.68 91.77 92.11 89.45 77.11 90.4 83.23 88.93 84.92
SNR10 82.72 57.3 70.86 76.68 71.89 58.26 69.1 60.87 66.39 63.66
SNR5 56.69 32.81 35.74 45.99 42.81 37.5 40.25 36.61 32.78 36.79
SNR0 29.06 15.46 15.78 18.87 19.79 16.55 21.29 19.48 13.14 17.62
Avg. 76.57 62.38 68.24 71.4 69.65 63.02 69.28 64.91 65.89 65.78
RI-M 7.43 9.65 5.59 3.7 6.82 8.92 4.69 10.23 7.51 8.01

level was resolved. Since the dynamic range is reduced due
to the compression, we have to retain more principal com-
ponents to haveam = 0:99. Thus, it can be expected that
there is more detailed information compared to PCA-ABF
method with increased number of principal components here,
and this improves the results for clean speech. Also, with
logPCA-ABF the ASR performance improved even more for
speech with low SNR levels. The results with other noise
types are discussed in Sec. 5.

5. EXPERIMENT RESULTS
The details of the speech recognition task were presented in
Section 3. We used MFCC features as a baseline to compare
our speech feature representations performance with. Also,
we compared the speech recognition performance of our �nal
feature set logPCA-ABF with RASTA features.

The speech recognition word accuracy results are given
in Tables 1-4. For each noise type, we computed average
word accuracy (denoted as “Avg.”) in the tables with the re-
sults of all SNR levels including “clean” speech. We also
computed relative word error rate (WER) improvement. In
Table 2 and 4, “RI-M” and “RI-R” values show the rela-
tive WER improvement over MFCC and RASTA features,
respectively.

The experiment results with MFCC feature set, and ABF
set are given in Table 1 and Table 2, respectively. It can be
observed that ABF performs better for noisy speech com-
pared to MFCC. The average relative WER improvement ob-
tained with ABF was 6:82% for Set A and 8:01% for Set B,
resulting in overall 7:42% WER improvement over MFCC
baseline. We believe that the slight performance degradation
with ABF for clean speech is due to the lateral inhibitory
network in the auditory model. In the LIN, while taking the
difference of adjacent channels reduces the noise when the
speech is noisy, this can cause information loss or introduce
noise to clean speech. We can conclude from these experi-
ments that using a better model of auditory system helps to
improve speech recognizer performance when the speech is
contaminated with noise.

The experiment results with RASTA and logPCA-ABF

features are given in Table 3 and Table 4, respectively. The
speech recognition performance of logPCA-ABF is com-
pared with both MFCC and RASTA features. The aver-
age recognition result with Set A improved from 67:43%
to 78:90%, and from 62:80% to 79:62% for Set B result-
ing in 35:2% and 45:2% relative WER improvement over the
MFCC baseline. Similarly, with logPCA-ABF features the
relative WER improvement over the RASTA feature perfor-
mance was 19:94% and 17:47% for Sets A and B, respec-
tively. It is clear that logPCA-ABF features work well for not
only stationary noise types (i.e. car, exhibition hall [7])but
also non-stationary noise types (i.e. street, airport [7]). Over-
all, the logPCA-ABF features provide 40:2% and 18:71%
relative WER improvement over the MFCC and RASTA fea-
tures performance, respectively.

To compare all the results, we computed the average
word accuracy over all noise types for each noise level condi-
tion, i.e. the average word accuracy for clean speech over all
eight noise types. The results for all methods are presentedin
Fig 4. It is clear that the improvement gained with logPCA-
ABF features is substantial, and it outperforms both MFCC
and RASTA features in noisy conditions.

6. CONCLUSION AND FUTURE WORK
In this paper, we derived bio-inspired features for automatic
speech recognition based on the processing stages in the
early human auditory system. The derived features are vali-
dated in a speech recognition task in the presence of variety
of noise types. First, we implemented an auditory based fea-
ture by replacing the Mel-�lterbank analysis stage in MFCC
feature extraction with an auditory model that consists of
cochlear �ltering, inner hair cell, and lateral inhibitorynet-
work stages. In our experiments, it was shown that the ABF
was more robust to noise compared to MFCC. We derived
a new set of features by post-processing the early auditory
spectrum. In the experiments, it was shown that the selected
features of nonlinearly compressed early auditory spectrum
via PCA provided substantial improvement over both MFCC
and RASTA features in noisy conditions. This is attributed
to the noise suppressing feature of LIN, and signal enhance-



Table 3: Recognition Results with RASTA (Accuracy %)
Set A Set B

Subway Babble Car Exhibition Avg. Restaurant Street Airport Station Avg.
Clean 98.7 98.93 98.99 99.1 98.93 98.7 98.93 98.99 99.1 98.93

SNR20 98.41 97.89 98.57 97.46 98.08 97.33 97.8 97.59 98.44 97.79
SNR15 96.68 93.85 95.14 95.17 95.21 94.4 94.03 94.96 94.96 94.59
SNR10 85.25 79.11 75.15 79.44 79.74 83.45 77.28 82.85 79.56 80.79
SNR5 56.14 49.01 38.2 43.61 46.74 57.48 48.01 54.48 46.52 51.62
SNR0 31.55 25.74 19.43 15.88 23.15 30.58 24.62 31.98 25.17 28.09
Avg. 77.79 74.09 70.91 71.78 73.64 76.99 73.45 76.81 73.96 75.3

Table 4: Recognition Results with logPCA-ABF (Accuracy %)
Set A Set B

Subway Babble Car Exhibition Avg. Restaurant Street Airport Station Avg.
Clean 98.06 98.6 98.17 98.34 98.29 98.06 98.6 98.17 98.34 98.29

SNR20 97.5 96.46 97 96.27 96.81 95.17 96.68 94.37 96.17 95.6
SNR15 96.61 93.94 95.55 95.34 95.36 92.57 95.21 93.81 94.23 93.96
SNR10 90.81 86.24 85.89 88.09 87.76 87.66 86.73 87.08 86.08 86.89
SNR5 72.66 68.01 50.92 67.58 64.79 74 65.39 67.55 59.8 66.69
SNR0 38.37 32.9 22.49 27.68 30.36 44.45 31.08 39.33 30.23 36.27
Avg. 82.34 79.36 75 78.88 78.9 81.99 78.95 80.05 77.48 79.62
RI-M 30.21 50.43 25.69 28.9 35.2 55.63 34.68 48.97 38.92 45.2
RI-R 20.46 20.33 14.07 25.17 19.94 21.71 20.71 13.98 13.5 17.47
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Figure 4: Performance comparison of all methods. Accuracy
is the average of recognition results over all noise types. The
proposed logPCA-ABF outperforms all other methods.

ment feature of IHC stages in the EA model. Also, by per-
forming PCA on the nonlinearly compressed EA spectrum,
only the channel outputs that are more likely to transmit in-
formation to the neurons in the central auditory system are
selected, thereby removing insigni�cant channel outputs to-
gether with noise.

The experiment results showed the importance of two
stages added to the early auditory model:i) the compres-
sion in the OHCii ) the selection of signi�cant components
of leaky integration taking place in the cochlear nucleus. As
part of our future work, we plan to model the OHC compres-
sion more accurately as an adaptive model. We will also de-
velop methods that can help us to code the spikes generated
at the output of leaky integration such that it will represent
relevant information more robustly.
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