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Abstract

Distortions due to reverberation have detrimental effect on
the performance of automatic speech recognition (ASR). In
this work, an auditory filter-bank based feature is presented to
improve the ASR in reverberant conditions. The proposed tech-
nique is based on the gammachirp filter bank which provides
level dependent frequency response to emulate mechanisms
performed in the human auditory system, particularly basilar
membrane filtering aimed to improve robustness of the ear. The
low frequency tail of gammachirp filter which is unaffected
by bandwidth parameters due to level dependency frequency
resolution is effective in reducing the reverberation distortions.
Experiments are performed on the Aurora-5 meeting recorder
digit task recorded with four different microphones in hands-
free mode at a real meeting room. The ASR experiments using
the proposed gammachirp based features show reliable and
consistent improvements when compared to other conventional
feature extraction techniques.

Index Terms: auditory processing, gammachirp filtering,
asymmetric and level dependency frequency analysis, speech
recognition

1. Introduction

In spite of a host of recent advances in speech recognition tech-
nology, the accuracy of recognition continues to be highly in-
fluenced by speaker-microphone distance. The performance
degrades with increasing distance due acoustic environmen-
tal noise and reverberation. It restricts the usage of vari-
ous speech recognition applications including teleconferences,
human-computer dialogue systems, dictation and navigation
systems.

In the context of reverberation environments, the discrep-
ancy between different training and testing conditions is the
root cause for performance degradation. Typically, training data
is recorded in clean and non-reverberant conditions. Speech
signal enhancement, feature normalization and model parame-
terization techniques are applied to improve robustness against
convolutive distortion caused by reverberation at various levels
of processing [1, 2, 3].

Human auditory perception system is more conducive in
providing robustness against noise. Hence techniques exhibit-
ing few characteristics of auditory system have been used in
speech recognition to improve the robustness [4, 5]. An im-
portant aspect in a speech recognition system is to have ab-
stract representation of highly redundant speech signal, which is
achieved by frequency analysis. In auditory system, the cochlea
and hair cells of the inner ear perform spectrum analysis to ex-
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tract relevant features. The cochlea, as a filterbank exhibits non-
uniform frequency resolution, asymmetric and level-dependent
frequency response of an individual filters. Examples of non-
uniform frequency resolution in popular speech analysis tech-
niques include Mel frequency based features and perceptual lin-
ear prediction which attempt to emulate human auditory percep-
tion. An other popular filterbank inspired by auditory system
which has non-uniform bandwidths and non-uniform spacing
of center frequencies is gammatone filter. The use of gamma-
tone filterbank provided robustness in adverse noise conditions
for speech recognition tasks in [6, 7, 8] when compared to tra-
ditional front-ends based on MFCC, PLP and standard ETSI
on isolated word and large vocabulary speech recognition tasks.
Another important psychoacoustic property is modulation spec-
trum of speech, which represent low temporal modulation com-
ponents which are important for speech intelligibility [9, 10].
The relative prominence of slow temporal modulations is differ-
ent at various frequencies, similar to perceptual ability of human
auditory system. The modulation spectral features derived from
the gammatone filterbanks have been shown to improve the ro-
bustness for far-field speaker identification [11]. Also, in our
earlier work [12], an auditory based modulation spectral feature
is presented which was a combination of gammatone filtering
and modulation spectral features.

The gammatone filter is a linear filter and its frequency re-
sponse is symmetric about center frequency and does not model
level dependent properties. The gammachirp filter, derived by
Irino and Patterson, is a modification of gammatone filter by
adding frequency modulation term. The gammachirp auditory
filter is real part of the analytic gammachirp function which has
been shown to be an excellent function for the asymmetric, level
dependency observed in basilar membrane filtering [13]. The
gammachirp is characterized with asymmetry in the low fre-
quency tail of auditory filter response and models level depen-
dent properties such as decrease in gain and a shift in center
frequency of the filter with increase in level. In this work, this
property of gammachirp filter is utilized to minimize the tail-
ing effect of decaying sound to reduce reverberation distortions
for speech recognition. And long term modulation preserved
the speech intelligibility further improving the recognition ac-
curacy. The studied features are shown to be reliable and ro-
bust to the effects of hands-free recordings in the reverberant
meeting room. The effectiveness of the proposed features is
demonstrated with experiments which use real-time reverberant
speech acquired through four different microphones. For com-
parison purposes the recognition results obtained using conven-
tional features are tested.

The paper is organized as follows: Section 2 provides the-
ory and implementation details of the gammachirp filter and
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modulation spectral features. In Section 3, the proposed feature
extraction is presented. Section 4 presents database description,
experiments and results. Finally, Section 5 concludes the paper.

2. Theoretical Background
2.1. Gammachirp Filter Bank
The impulse response of a gammachirp filter is defined by

ge(t) = gi(t) .e? " 1)
where g¢(t) is a gamma envelope modulated by a tone carrier
defined by

a " Le=2m b ERB(fr) t, j7 (fr) t+i ¢

g:(t) =
where t > 0, C'is the chirp factor which defines frequency mod-
ulation to produce an asymmetric amplitude spectrum, « is the
amplitude, n and b are parameters defining the distribution, f,
is asymptotic frequency and ¢ is initial phase. ERB( f) is the
equivalent rectangular bandwidth of auditory filter at f,, and
at moderate levels, ERB(f,) = 24.7 + 0.0108(f,). When
C = 0, g.(t) becomes the impulse response of a gammatone
filter.

The amplitude spectrum of gammachirp can be expressed
in terms of gammatone as

@)
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n and b define envelope of gamma function and when C' = 0,
the numerator in equation 3 represents amplitude of gammatone
since e“? = 1, and peak frequency is obtained as

foeak = fr + CbERB(fT)/” )]

€“? produces shift in the peak frequency according to equation
4 and introduces asymmetry into the amplitude spectrum. With
amplitude normalized, equation 3 can be expressed as

Ge(Nl =G (NI |Ha(f)] (6)

where |Gr(f)| is the amplitude spectrum of the gammatone,
which is level-independent and invariant. Hence, gammachirp
can be represented by two cascaded filters, the first one is invari-
ant gammatone filter |G (f)| and other |H 4 (f)| is asymmetric
level-dependent filter.
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Figure 1: Impulse response of a gammachirp filter with f, =
1000 Hz, n=4,b=1.0and C = 3.4.
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Figure 2: The plots of asymmetry function for center frequencies
ranging from 50 Hz - 3655 Hz, C' = 3.4, b =1.0 and n = 4.

2.1.1. Implementation

The asymmetric function is realized using IIR asymmetric com-
pensation filter. The minimum-phase IIR filter H.(z) is con-
structed by a cascade of 4 second order filters H.r(z) as

He(z) = [ [ Her(2) ©)
k=1

H.i(z) and other required filter parameters are described in
[14].

As mentioned, the gammachirp filter provides asymmetric
component based on input level. In this work, passive mode of
the filter is considered by taking f, equal to center frequency.
The amplitude spectra of asymmetric compensation IIR filter
for the gammachirp filter for center frequencies which range
from 50 Hz to 3655 Hz is as shown in Figure 2. It can be clearly
seen that the low-frequency tail of filter is unaffected by the
bandwidth parameters. By changing the center frequency of
asymmetry, the gain is made level-dependent in a way agreeable
to psychophysical data [14].

Figure 3 shows the amplitude spectra of asymmetric level-
dependent filter |H o (f)| for different values of chirp factor
C'. Tt can be observed that |H 4(f)| is an all-pass filter when
C = 0, a high-pass filter when C' > 0 and a low-pass filter
when C' < 0. The slope and the range of amplitude increase
when the absolute value of C' increases. The overall resulting
spectrum is asymmetric and exhibits a sharper drop off, on high
frequency side of center frequency. With asymmetry associated
to the stimulus level making it level-dependent, the gammachirp
provides a good fit to human masking[13].
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Figure 3: The plots of the asymmetry function for f. = 1000 Hz,
b=10and C ={3,2,1,0,-1,-2,-3}.



2.2. Modulation Features

The temporal evolution of speech spectral parameters, which
describe slow variation in energy represent important informa-
tion associated with phonetic segments. The low-frequency
modulations encode information pertaining to syllables, by
virtue of variation in the modulation pattern across the acous-
tic spectrum. The essential information in speech is embedded
in modulation patterns lower than 25 Hz distributed over a few
discrete spectral channels [9, 10].

The modulation spectral features are derived exactly the
same way as described in [12].
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Figure 4: Spectrogram and gammachirpgram for reverberated
utterance from TIDIGITS.

3. Feature Extraction

The proposed feature extraction methodology is shown in Fig-
ure 5. First, the 8kHz speech signal undergoes pre-emphasis
and short segments of speech are extracted with a 25 ms rect-
angular window, shifted by 10 ms. This is then filtered by a
bank of 32 critical-band gammatone filters whose filter center
frequencies range from 50 Hz to 3655 Hz (half of sampling
rate). On each critical band, the asymmetric function is applied
which is based on center frequencies as described in Section 2.
The computed chirp components are combined with the corre-
sponding gammatone filter outputs to form outputs of a gam-
machirp filterbank. The computationally effective gammatone
filter bank implementation as described in [15] is used. The
asymmetric chirp components and gammachirp filter bank is
implemented as described in [14]. The 32 logarithmic gam-
machirp spectral values are transformed to the cepstral domain
by means of DCT. Thirteen cepstral coefficients C0 to C'12 are
calculated. The modulation spectrum of each coefficient (sam-
pled at 100Hz) is calculated with a 160 ms window, shifted by
10 ms. The cummulated energies for the frequencies between
the 2 - 16 Hz, which represent the important components for the
speech signal are computed as C'13 to C'26. The two important
parameters of the gammachirp filter b = 1.68 and ¢ = 2.5 are
derived by fitting the frequency curves to notched noise mask-
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Figure 5: Processing stages of the gammachirp features. CO -
C'12 are the gammachirp cepstral coefficients and C13 - C26
are the gammachirp modulation coefficients.

ing data [14]. The spectrogram and gammachirpgram for rever-
berated utterance 74966097 from TIDIGITS with T60 = 0.5s
is shown in Figure 4.

4. Experiments and Results

Experiments are performed on a subset of the Aurora-5 corpus
- meeting recorder digits. The data comprise real recordings
in a meeting room, recorded in a hands-free mode at the Inter-
national Computer Science Institute in Berkeley. All data was
recorded in the same (roughly, 13 x 25 foot) instrumented meet-
ing room. The room contains a central conference table almost
completely filling the room, and can seat up to about 15 people.
The reverberation time T60 is in the range of 0.2 s to 0.3 s.

To evaluate the performance, a full HTK based recognition
system is used. The HMM-based recognizer architecture speci-
fied for use with the Aurora 5 database is used [16]. The dataset
consists of 2400 utterances from 24 speakers, with 7800 dig-
its in total. The speech was captured with four different mi-
crophones, placed at middle of the table in the meeting room.
The recordings have the effects of hands-free recording in the
reverberant room. There are four different versions of all ut-
terances recorded with four different microphones.The training
data is downsampled version of clean TIDIGITS at a sampling
frequency of 8 kHz, with 8623 utterances. There are eleven
whole word HMMs each with 16 states and with each state hav-
ing four Gaussian mixtures. The sil model has three states and
each state has four mixtures.

Table 1 shows the results in % word error rates for different
features recorded with four different microphones labeled as 6,
7, E and F. The average performance of four microphones for
different features is shown at the last column of the table.



Table 1: Word recognition accuracies (%) for different feature
extraction techniques on four different microphones.

| Channel [ 6 [ 7 [ E [ F [ Average ‘
MFCC 75.8 | 647 | 67.3 | 759 70.9
PLP-MVA | 833 | 76.3 | 75.9 | 80.7 79.0
GTCC 83.7 | 76.5 | 764 | 82.3 79.7
GTMC 88.6 | 83.7 | 83.5 | 87.2 85.6
GCCC 834 | 77.2 | 77.7 | 83.8 80.5
GCMC 89.7 | 84.6 | 859 | 88.3 87.1

For comparison purposes, the standard 39-dimensional
Mel-frequency (MFCC) and perceptual linear prediction (PLP)
features along with their delta and acceleration derivatives are
used. Cepstral mean normalization and Mean Variance ARMA
(MVA) model adaptation are performed for MFCC and PLP to
improve the performance of these features. The filter of order 3
is used for ARMA filtering for PLP [17]. The GTCC are gam-
matone frequency cepstral coefficient features along with their
delta and acceleration derivatives. GTMC are the gammatone
frequency based modulation cepstral features, extracted as re-
ported in Section 3 corresponding to C0 to C26 and derivatives
of C'13 to C'26, but considering the gammatone filterbank in-
stead of gammachirp. GCCC and GCMS are the gammachirp
and gammachirp modulation features.

It can be seen from Table 1 that gammatone based features
perform better than MFCC and PLP-MVA which is consistent
with earlier studies in [6, 7, 8] and modulation spectral features
further improved the performance by preserving the speech in-
telligibility in the signal. It can also be seen that the proposed
gammachirp has better performance than gammatone alone and
gammachirp modulation features have best performance among
all the features compared. It can also be observed that the per-
formance of gammachirp based modulation features is consis-
tent across all the four different channels. Apart from consis-
tent and robust performance, the level-dependency based on in-
put stimulus is simple to be incorporated into existing speech
recognition applications. The results show that the proposed
level-dependent frequency response was effective in curtailing
reverberation distortions, thereby improving the accuracy of the
system.

5. Conclusions

In this paper, an asymmetric based level-dependent auditory
feature is proposed to improve speech recognition performance
in reverberant environments. The proposed features were de-
rived from auditory characteristics, which include gammatone
filtering, asymmetric and level-dependent frequency response
and modulation spectral processing emulating cochlear and
middle ear to improve robustness. The features were evalu-
ated on the Aurora-5 meeting recorder digit task recorded with
four different microphones in hands-free mode at a real meet-
ing room. The level-dependency improved performance for
both the cases of gammatone and gammatone based modula-
tion filtering. The proposed features perform consistently better
in terms of robustness for all the channels. This study opens
up a new avenue for incorporating level-dependency based fre-
quency response into the existing speech recognition technolo-
gies making them more suitable to psychophysical data and
good fit for human masking, thereby improving the robustness
of system.
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The present work was limited to handle reverberant condi-
tions, without considering other noise effects on speech which
will be investigated in the future work. In this work the filter
is designed to be in passive mode by considering the level de-
pendency based on center frequencies. The active mode of the
filter will also be studied in future by incorporating dynamic
and compressive characteristics to the auditory filter.
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