1362

IEEE TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 20, NO. 4, MAY 2012
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Abstract—In this paper, we present a novel speech feature
extraction algorithm based on a hierarchical combination of
auditory similarity and pooling functions. The computationally efficient features known as “Sparse Auditory Reproducing Kernel”
(SPARK) coefficients are extracted under the hypothesis that
the noise-robust information in speech signal is embedded in a
reproducing kernel Hilbert space (RKHS) spanned by overcomplete, nonlinear, and time-shifted gammatone basis functions.
The feature extraction algorithm first involves computing kernel
based similarity between the speech signal and the time-shifted
gammatone functions, followed by feature pruning using a simple
pooling technique (“MAX” operation). In this paper, we describe
the effect of different hyper-parameters and kernel functions
on the performance of a SPARK based speech recognizer. Experimental results based on the standard AURORA2 dataset
demonstrate that the SPARK based speech recognizer delivers
consistent improvements in word-accuracy when compared with a
baseline speech recognizer trained using the standard ETSI STQ
WI008 DSR features.
Index Terms—Auditory HMAX, gammatone functions, reproducing kernel Hilbert space (RKHS), robust speech recognition,
sparse features.

I. INTRODUCTION

U

NLIKE human audition, the performance of speech-based
recognition systems degrades significantly in the presence of noise and background interference [1], [2]. This can
be attributed to inherent mismatch between the training and deployment conditions, especially when the characteristics of all
possible noise sources are not known in advance. Therefore, in
literature several strategies have been proposed that can reduce
the effect of this mismatch. They can be broadly categorized
into three main groups: 1) speech enhancement techniques that
can filter out the noise in the spectral or temporal domain [3];
2) robust feature extraction techniques that can generate speech
features that are invariant to channel conditions; and 3) back-end
adaptation techniques that can reduce the effect of training-deployment mismatch by adjusting the parameters of a statistical
recognition model [4]–[13]. Even though significant improvements in recognition performance can be expected by the application of the third approach, the overall system performance is
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still limited by the quality of the speech features. Therefore, this
paper focuses on extraction of speech features that are robust to
mismatch between training and testing conditions.
Traditionally, speech features used in most of the
state-of-the-art speech recognition systems have relied on
spectral-based techniques which include Mel-frequency cepstral coefficients (MFCCs) [14], linear predictive coefficients
(LPCs) [14]–[16], and perceptual linear prediction (PLP) [17].
Noise-robustness is achieved by modifying these well established techniques to compensate for channel variability. For
example, cepstral mean normalization (CMN) [18] and cepstral
variance normalization [19] adjust the mean and variance of
the speech features in the cepstral domain to reduce the effect
of convolutive channel distortion. Another example is the
Relative spectra (RASTA) [20] technique which suppresses
the acoustic noise by high-pass (or band-pass) filtering of the
log-spectral representation of speech. More recently, advanced
signal processing techniques like the feature-space non-linear
transformation techniques [21], the ETSI advanced front end
(AFE) [22], [23], stereo-based piecewise linear compensation
(SPLICE) [24] and power-normalized cepstral coefficients
(PNCC) [25], have been used to improve the noise-robustness.
The AFE approach, for example, integrates several methods
to remove the effects of both additive and convolutive noises.
A two-stage Mel-warped Wiener filtering, combined with an
SNR-dependent waveform processing is used to reduce the
effect of additive noise and a blind equalization technique is
used to mitigate the channel effects.
An alternate and a promising approach towards extracting
noise-robust speech features is to use data-driven statistical
learning techniques that do not make strict assumptions on
the spectral properties of the speech signal. Examples include
kernel based techniques [34], [35] which operate under the
premise that robustness in speech signal is encoded in high-dimensional temporal and spectral manifolds which remain intact
even in the presence of ambient noise and the objective of the
feature extraction procedure is to identify the parameters of the
noise-invariant manifold. The procedure used in [34] required
solving a quadratic optimization problem for each frame of
speech which made the data-driven approach highly computationally intensive. Also, due to its semi-parametric nature, the
methods proposed in [34], [35] did not incorporate any a priori
information available from neurobiological and psycho-acoustical studies, which have been shown to be important for speech
recognition [26]–[33]. More recently, it has been demonstrated
that cortical neurons use highly efficient and sparse encoding of
visual and auditory signals [36]–[38]. The study [38] showed
that auditory signals can be sparsely represented by a group of

1558-7916/$31.00 © 2011 IEEE

FAZEL AND CHAKRABARTTY: SPARK FEATURES FOR NOISE-ROBUST SPEECH RECOGNITION

(bold capital letters)

1363

denotes a matrix with its
,
elements denoted by
;
and its row-wise vectors
;
denoted by ,

(normal lowecase letters)

denotes a scalar variable;

(bold lowecase letters)

denotes a vector with its
elements denoted by ,
;
denotes a sequence of scalars
where
denotes
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Fig. 1. Hierarchical model of SPARK feature extraction.

basis functions which are functionally similar to gammatone
functions which are equivalent to time-domain representations of human cochlea filters, also used in psycho-acoustical
studies [39], [40]. Other neurobiological studies [41]–[43] have
proposed a hierarchical auditory processing model consisting
of spectro-temporal receptive fields (STRFs) [44], [45] that
capture information embedded in different frequency, spectral
and temporal scales. The results from many of these recent
neurobiological and psycho-acoustical studies are being incorporated in small-scale speech recognition systems [46]–[50].
In this paper, we propose a computationally efficient hierarchical auditory feature extraction model using an RKHS
based statistical learning approach. The model is summarized
in Fig. 1 and consists of two signal-processing layers. The
first layer computes the similarity between the sample speech
to
of precomputed gamsignal and different sets
matone basis functions. Each set comprises of time-delayed
versions of gammatone functions which emulates an auditory
phase-sensitive receptive field. The second layer of the proposed model implements a winner-take-all (WTA) function
which selects the largest of the similarity metric from each set
to
(see Fig. 1). The WTA-based selection is similar
to the popular HMAX algorithm [51] used in vision systems,
where edge-sensitive receptor functions are used to compute
similarity measures. Based on the hierarchical model for computing SPARK features, there are two main contributions of this
paper: 1) Using RKHS functions to determine optimal auditory
similarity functions that can capture the high-dimensional
speech features; and 2) evaluating the effect of different RKHS
parameters on the performance of a SPARK based speech
recognition system.
The paper is organized as follows. Section II describes the
mathematical basis underlying the SPARK feature extraction algorithm. Section III presents experimental results summarizing
the effect of different hyper-parameters and kernel functions
when SPARK feature are evaluated for a speech recognition task
using the AURORA2 corpus. Section IV concludes the paper
with some discussions on the future work. Before we present
the SPARK algorithm we summarize some of the mathematical
notations that will be used in this paper:

denotes the
norm of
a vector and is given by
;
denotes the transpose of

;

denotes the inner-product
between vectors and .

II. SPARK FEATURE EXTRACTION ALGORITHM
In this section, we describe the mathematics underlying the
SPARK feature extraction procedure. The first part of this analysis will involve deriving the mathematical form of the SPARK
similarity functions based on RKHS regression techniques. For
the analysis presented in this section, we will assume that a
frame of speech signal is extracted using an appropriate windowing function (Hamming or Hanning).
A. SPARK Similarity Functions
As shown in Fig. 1, the similarity function
is computed between a frame of speech signal
, compactly denoted by
, and
a set of precomputed basis vectors. For SPARK features, the
basis vectors are constructed using a set of physiologically
,
whose
inspired gammatone functions
discrete-time representation is given by
(1)
is the center frequency parameter,
is the ampliwhere
tude, is the order of the gammatone basis, is the parameter
which controls the decay of the envelope along with a monocalled equivalent
tonic frequency dependent function
rectangular bandwidth (ERB) scale [55]. One possible form of
which has been used in this paper, has been suggested
by Glasberg and Moore [56] and takes the form
(2)
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,
which constructed
discrete-time waveform
using the time-shifted basis functions according to
(3)
Our objective will be to determine the form of the similarity
functions
by ensuring that the waveform
is close
according to some optimization
to the speech waveform
criterion.
Before we present the optimization function, we rewrite the
time-domain expressions in a matrix-vector notation as
(4)
Fig. 2. Set of 25 gammatone kernel basis functions with center frequencies
spanning 100 Hz to 4 KHz in the ERB space.

where

and

is a vector given by
with its element given by
is a matrix given

.
.
by
The optimization procedure for SPARK features involves
minimizing a cost function with respect to , where is given
by
(5)

Fig. 3. Three-dimensional plot showing a gammatone function shifted in time
by 100 s.

Also, in this paper we have chosen
and
based on the results reported in [57]. Fig. 2 shows the set of 25
gammatone basis vectors, each with different center frequen. In the frequency domain, gammatone functions bear
cies
close resemblance to cochlear filter-banks due to the following
characteristics: 1) nonuniform filter bandwidths where each of
the frequency resolution is higher at the lower frequency than
at the higher frequency; 2) peak gain of the filter centered at
decreases as the level of the input increase, and 3) the cochlea
filters are spaced more closely at lower frequencies than at
higher frequencies. In [37] and [38], it was shown that natural
sounds can be sparsely and hence more compactly represented
by a mixture of shift-invariant gammatone-type basis functions.
Therefore, in our hierarchical SPARK model, we have chosen a
with
basis set comprising of gammatone functions
different center frequency
and with different temporal-shifts
(see Fig. 3 which plots a gammatone function time-shifted
by a unit time-interval). Incorporating different time-shifts in
gammatone functions will be important for extracting phase
information in speech signal which has been shown to be
effective in extracting the attributes of non-stationary part of
speech signals (for, e.g., plosives) [53], [54].
We will compactly represent the discrete-time gammatone
as
and correspondingly the
function
. We now define a
similarity function will be given by

The first part of the cost function acts as a regularizer which pe, thus favoring similarity measures
nalizes large values of
that are smooth (or penalizes high-frequency components of the
similarity function). The second part of the cost function is the
least-square error function computed between the speech vector
. The hyper-parameter
and the reconstructed waveform
in controls the tradeoff between the achieving a lower reconstruction error and obtaining smoother similarity function. This
tradeoff is similar to the conventional bias-variance trade-off encountered in any functional regression procedure [59]. Equating
the derivative

leads to
(6)
where denotes an identity matrix. The optimal
to be

can be found

(7)
Equation (7) shows that the optimal similarity function
is
expressed in terms of inner-products between different time;,
;
shifted gammatone basis
,
and between the time-shifted gammatone
. Equabasis and the input speech vector
tion (7) shows that the similarity function admits a linear form
and involves computing inner-products. We extend this framework to a more general, nonlinear form of similarity functions
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by converting the inner-products in (7) into kernel expansions
over the gammatone and the speech vectors.
We introduce a nonlinear transformation function
,
which will map the vectors and
to a higher
and
dimensional space according to
. The high-dimensional mapping could consist of
cross-correlation terms, for example,
which capture
nonlinear attributes of the speech signal. Thus, extending (4)
to the high-dimensional space, the reconstruction function
can be written as
(8)
is a matrix given by
. Then, following the regression procedure as described above, the similarity function can be expressed as inner-products in the higher dimensional space according to
where

(9)
Unfortunately, computing inner-products directly in the high-dimensional space is computationally intensive. The use of reproducing kernels avoids this “curse of dimensionality” by avoiding
direct inner-product computation. For example, consider a nonsuch that
linear mapping of a two-dimensional vector
. The inner-product
in the high-dimensional
between two vectors ,
space can be expressed as
which
requires computing inner-products only in the low-dimensional
space, hence, is more computationally tractable. In general,
(also referred
any symmetric positive-definite function
to as the reproducing kernel function) can be expressed as
and hence can be used in (9). In literature, many forms of reproducing kernels have been reported,
which includes the Gaussian radial basis function or the polynomial spline function [58]. In neurophysiology, kernel functions
have also been used for computing similarity measures in
neural responses [52]. Equation (9) can be expressed in terms
of kernels as
(10)
is a RKHS kernel matrix with
where
. Thus, a generic form of RKHS based
elements
similarity function can be expressed as
(11)
Note that the matrix inverse in (11) involves only the gammatone
basis and hence can be precomputed and stored. Thus, the computation of the SPARK similarity metric involves computing
kernels and a matrix-vector multiplication which can be made
computationally efficient.
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Fig. 4. Signal flow of the SPARK feature extraction algorithm.

B. Feature Pooling
An important consequence of projecting the speech signal
onto a gammatone function space (emulating the auditory
STRFs) is that the highest scores (in
sense) in the similarity metric vector will capture the salient, higher order, and
the spectro-temporal aspects of the speech signal. On the other
hand, the low-energy components of will also capture similarities to noise and channel artifacts. Feature pooling serves two
purposes. First, it introduces competitive masking, where only
the largest similarity score is chosen. This function emulates the
local competitive behavior which has been observed in auditory
receptive fields. Also, the functionality bears similarity to the
HMAX hierarchical models which has been extensively used
in vision based recognition system [51]. The second purpose
of feature pooling is to introduce a compressive weighting
function (similar to psycho-acoustical responses) which enhances the resolution at low similarity scores and reduces the
resolution at high similarity scores. Mathematically, the output
,
resulting from feature pooling is given by
(12)
is the compressive weighing function which could be
where
or a power function
,
. Note that
a logarithmic
the pooling is performed over a set consisting of time-shifted
basis obtained from the same gammatone function.
C. SPARK Feature Extraction Signal-Flow
The flow-chart describing the complete SPARK feature
extraction procedure is presented in Fig. 4. The input speech
signal is processed by a pre-emphasis filter of the form
after which a 25-ms speech
segment is extracted using a Hamming window. The similarity
is obtained using the procedure
metric vector
described in Section II-A and the sparsified vector
is obtained based on the pooling procedure described in
Section II-B. Fig. 5(a) and (d) shows the spectrograms of
utterance “one” for clean and noisy (subway recording) conditions. Fig. 5(b) and (e) shows the similarity metric vector for
each 25-ms speech segment shifted by 10 ms over clean and
noisy speech utterances. Similarly, Fig. 5(c) and (f) shows the
vector for the same utterances. Similar to MFCC processing,
a discrete cosine transform (DCT) is applied to de-correlate
each of the vectors . Mean normalization is then applied to
each of these vectors and the SPARK features are obtained by
and acceleration
coefficients
appending the velocity
(similar to MFCC processing). To ensure parity in comparison
between the MFCC and SPARK-based features, we extracted
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Fig. 5. Colormaps depicting spectrogram, vector s , and vector b for clean utterance (top row) and 20-dB noisy utterance (bottom row) of digit “one.”

13 SPARK coefficients and concatenated additional 13 and
coefficients to form a 39-dimensional feature vector.

TABLE I
EFFECT OF DIFFERENT TIME-SHIFTS ON RECOGNITION PERFORMANCE

III. EXPERIMENTS AND PERFORMANCE EVALUATION
A. Experimental Setup
We have evaluated the SPARK features for the task of noiserobust speech recognition using the AURORA2 dataset [61].
The AURORA2 task involves recognizing English digits in the
presence of additive noise and convolutional noise. The task
consists of three types of test sets. The first test set (set A) contains 4 subsets of 1001 utterances corrupted by subway, babble,
car, and exhibition hall noises, respectively, at different SNR
levels. The second set (set B) contains 4 subsets of 1001 utterances corrupted by restaurant, street, airport, and train station
noises at different SNR levels. The test set C contains 2 subsets
of 1001 sentences, corrupted by subway and street noises and
was generated after filtering the speech with an MIRS filter [62]
before adding different types of noise.
For all the experiments reported in this paper, a hidden
Markov model (HMM)-based speech recognizer has been used
[61]. The HMM recognizer was implemented using the hidden
Markov toolkit (HTK) package [63]. For each digit a whole
word HMM was trained with 16 states per HMM and with three
diagonal Gaussian mixture components per state. Additional
HMMs were trained for the “sil” and “sp” models.
Next, we summarize the effect of different algorithmic hyperparameters on the performance of a SPARK-based recognition
system.

B. Effect of the Time-Shift Resolution
As we had described in Section II and shown in Fig. 3, the
basis set comprises of time-shifts of gammatone functions. A
set of M gammatone functions, each time-shifted L times would
basis functions. Thus, reducing
produce a total of
would reduce the number of basis functions and also reduce
the computational complexity of the (11). In this experiment,
we evaluate the effect of different time-shift resolution on the
recognition performance of the system. The results which have
and
been obtained for
are summarized in Table I.
The result shows that smaller time-shifts (larger value of )
leads to better recognition results, however, at the expense of
higher computational complexity. Thus, there exists a tradeoff
between , recognition performance and real-time requirements
of the system.
C. Effect of Different Kernel Functions
is given
The generic form of the similarity function
by (11) and is dependent on the choice of the kernel function
. In this experiment, we evaluated the effect of different
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TABLE II
EFFECT OF DIFFERENT KERNEL FUNCTIONS
ON RECOGNITION PERFORMANCE
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TABLE IV
EFFECT OF PARAMETER  ON RECOGNITION PERFORMANCE

TABLE III
EFFECT OF COMPRESSIVE WEIGHTING FUNCTION
ON RECOGNITION PERFORMANCE

Fig. 6. AURORA2 recognition results obtained under different convolutive
noise conditions.

F. Comparison With the Basic ETSI Front-End (MFCC)

types of RKHS functions on the recognition performance of the
SPARK based system. The results are summarized in Table II
;
for the following kernel functions: (a) linear
(b) exponential
; (c) sigmoid
; and (d) polynomial
.
The results show that the choice of the kernel function affects the recognition performance, specifically, compared to the
case when the linear kernel is used. The improvements in performance demonstrates the utility of exploiting nonlinear features
in speech to achieve noise-robustness. Note that the best performance is obtained for a fourth-order polynomial kernel when
.
we fixed
D. Effect of Compressive Weighting Function
The compressive weighting function, as described in
Section II-B, amplifies the lower values and de-amplifies
larger values of the similarity metric. Table III summarizes
the effect of different polynomial weighting functions on the
performance of the SPARK-based speech recognition system
(for
). The results indicate
an optimal order of the weighing function that yields the best
recognition performance.
E. Effect of Parameter
Parameter is the regularization parameter which penalizes
large values of the similarity metric and in the process makes the
solution in (11) more stable. Table IV summarizes the effect of
on the recognition performance and results show that solutions
which penalizes the large values of yields better recognition
performance under noisy conditions.

The accuracy of the SPARK-based recognition system has
been compared against the baseline speech features extracted
using the ETSI STQ WI007 DSR front-end [61], [64]. The basic
ETSI front-end generates the 39-dimensional MFCC features
without any cepstral mean normalization (CMN). Figs. 6 and
7 compare the word recognition-rate obtained by the SPARK
, weighting function of
, sigmoid kernel,
(with
and time-shift of 3.5 ms) and basic ETSI-based recognizers.
The results show that the SPARK based recognition system
consistently outperforms the benchmark at all SNR levels.
The average relative word-accuracy improvement was found
to be 33%, 36%, and 27% for set A, set B, and set C of the
AURORA2 dataset.
G. Comparison With Gammatone Filter-Bank Based Features
The objective of the next set of experiments was to compare
the SPARK features with gammatone filter-bank based features.
The signal flow for the gammatone filter-bank features is shown
in Fig. 8 which is similar to the MFCC feature extraction procedure except for the use of fourth-order gammatone filters instead of Mel-scale bandpass filters. The center frequencies were
placed according to the ERB scale as described in Section II-A
and similar to MFCC-based processing, a logarithmic compression, DCT, and CMS procedure is applied to the envelope of the
output of each filter-bank. and
features are then concatenated to obtain the final set of features (labeled GT). Table V
summarizes the AURORA2 recognition results obtained using
the gammatone filter-bank features. Note that even though these
features delivers improved recognition performance over the
baseline MFCC-based system [60], the SPARK features yields
superior word-accuracy (relative) improvements of 22%, 17%,
and 18% for set A, set B, and set C when compared to the gammatone filter-bank features.
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Fig. 7. AURORA2 recognition results obtained under different additive noise conditions.
TABLE V
AURORA2 WORD RECOGNITION RESULTS WHEN GAMMATONE FILTER-BANK (GT) FEATURES ARE USED

Fig. 8. Signal-flow showing the feature extraction procedure using gammatone
filter-bank.

H. Comparison With ETSI AFE
The last set of experiments compared the SPARK features
to the state-of-the-art ETSI AFE front-end. The ETSI AFE
uses noise estimation, two-pass Wiener filter-based noise
suppression, and blind feature equalization techniques. To
incorporate an equivalent noise-compensation to the SPARK

features, we used a power bias subtraction (PBS) [25] method.
PBS method resembles in some ways to the conventional
spectral subtraction (SS), but instead of estimating noise from
non-speech parts which usually needs a very accurate voice
activity detector (VAD), PBS simply subtracts a bias where
the bias is adaptively computed based on the level of the background noise. Tables VI and VII compares the performance of
recognition system
ETSI AFE and SPARK PBS
under different types of noise. Even though for Set A, the
performance improvement of the SPARK PBS system over
the ETSI AFE system is not statistically significant, for Set B
and Set C SPARK PBS system consistently outperforms the
ETSI AFE for all types of noise except subway and exhibition
noise at low SNR. In fact, SPARK shows an overall relative
improvements of 4.69% with respect to the ETSI AFE which
is statistically significant.
Table VIII shows a comparative performance of
SPARK PBS features against basic ETSI FE, conventional
gammatone filterbank, and ETSI AFE. Even under clean
recording conditions, the SPARK PBS demonstrates
improvement over the baseline ETSI AFE system but the
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TABLE VI
AURORA2 WORD RECOGNITION RESULTS WHEN ETSI AFE IS USED

TABLE VII
AURORA2 WORD RECOGNITION RESULTS WHEN SPARK AND PBS ARE USED TOGETHER

TABLE VIII
SUMMARY OF RECOGNITION PERFORMANCES OBTAINED
FOR THE AURORA2 DATABASE

advantage of SPARK PBS features becomes more apparent
under noisy conditions.
IV. CONCLUSION
In this paper, we have presented a framework for extracting
noise-robust speech features called sparse auditory reproducing
kernel (SPARK) coefficients. The approach follows a computationally efficient hierarchical model where parallel similarity
functions (emulating neurobiologically inspired auditory receptive fields) are computed followed by a pooling method (emulating neurobiologically inspired local competitive behavior).
In this paper, we have derived an optimal form of the similarity functions which uses reproducing kernels to capture the

nonlinear information embedded in the speech signal. Experimental results obtained for the AURORA2 speech recognition
tasks demonstrate that the following:
• Under clean recording conditions, the performance of both
baseline MFCC and SPARK based systems are comparable
with a recognition accuracy of 99.25%. The result is consistent with other state-of-the-art results reported for the
AURORA2 dataset.
• The SPARK features demonstrate a more robust performance in the presence of both additive and convolutive
noise. We have demonstrated that SPARK can achieve
average word recognition rates of 80.38%, 81.24%, and
78.52% for sets A, B, and C of the AURORA2 corpus.
We have also shown that for the AURORA2 task, SPARK
features combined with the PBS technique consistently
out-performs the state-of-the-art ETSI AFE based features
[23].
A possible extension to this work will be to investigate
whether additional noise-robustness can be achieved by incormetric instead of an
metric in the regression
porating
framework (5). We anticipate that this procedure, even though
is more computationally intensive, could lead to more noise-robust speech features.
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