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A Noise-Robust FFT-Based Auditory Spectrum
With Application in Audio Classification

Wei Chu and Benoît Champagne

Abstract—In this paper, we investigate the noise robustness of
Wang and Shamma�s early auditory (EA) model for the calculation
of an auditory spectrum in audio classi�cation applications. First,
a stochastic analysis is conducted wherein an approximate expres-
sion of the auditory spectrum is derived to justify the noise-sup-
pression property of the EA model. Second, we present an ef�cient
fast Fourier transform (FFT)-based implementation for the calcu-
lation of a noise-robust auditory spectrum, which allows �exibility
in the extraction of audio features. To evaluate the performance
of the proposed FFT-based auditory spectrum, a set of speech/
music/noise classi�cation tasks is carried out wherein a support
vector machine (SVM) algorithm and a decision tree learning al-
gorithm (C4.5) are used as the classi�ers. Features used for clas-
si�cation include conventional Mel-frequency cepstral coef�cients
(MFCCs), MFCC-like features obtained from the original audi-
tory spectrum (i.e., based on the EA model) and the proposed FFT-
based auditory spectrum, as well as spectral features (spectral cen-
troid, bandwidth, etc.) computed from the latter. Compared to the
conventional MFCC features, both the MFCC-like and spectral
features derived from the proposed FFT-based auditory spectrum
show more robust performance in noisy test cases. Test results also
indicate that, using the new MFCC-like features, the performance
of the proposed FFT-based auditory spectrum is slightly better
than that of the original auditory spectrum, while its computa-
tional complexity is reduced by an order of magnitude.

Index Terms—Audio classi�cation, C4.5, early auditory (EA)
model, noise suppression, self-normalization, support vector
machine (SVM).

I. INTRODUCTION

RECENT years have seen extensive research on audio
classification algorithms which provide useful informa-

tion for both audio and video content understanding. Among
many different audio classes in the field of audio classification,
the generic classes of speech and music have attracted much
attention. Saunders [1] has used a measure of energy contour
and the distribution of zero-crossing rate (ZCR) in discrim-
inating speech from music on broadcast FM radio. Scheirer
and Slaney [2] proposed to use as many as 13 features, such
as 4-Hz modulation energy, spectral centroid, etc., to classify
speech and music, where a correct classification rate of 94.2%
has been reported for 20-ms segments and 98.6% for 2.4-s
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segments. Low bit-rate audio coding is another application that
can benefit from distinguishing speech from music [3], [4].

Besides speech and music, many other audio classes, in-
cluding environmental sounds and background noise, have been
investigated. In [5], a system for content-based classification,
search, and retrieval of audio signals is presented wherein a
wide variety of sounds are selected from animals, machines,
musical instruments, speech, and the nature. Zhang and Kuo
[6] have proposed a hierarchical system for audio classification
and retrieval where audio clips are first classified and seg-
mented into speech, music, environmental sounds, and silence;
the environmental sounds are then further classified into ten
classes using a hidden Markov model (HMM). Lu et al. [7]
also proposed a two-stage robust approach that is capable of
classifying and segmenting an audio stream into speech, music,
environment sound, and silence. In [8] and [9], special sound
effects which are related to entertainment or sport events, such
as laughter, scream, etc., have been investigated. Mixed or
hybrid sounds have also been studied, for example, speech with
noise or music background, environmental sound with music
background, etc. [10], [11]. Recently, a fuzzy approach was
proposed where a fuzzy class is reserved for input audio that
cannot be classified as pure speech, music, or silence [12].

Despite the growing interest in audio classification al-
gorithms, as seen from the above references, the effect of
background noise on the classification performance has not
been investigated widely. In fact, a classification algorithm
trained using clean sequences may fail to work properly when
the actual testing sequences contain background noise with
certain signal-to-noise ratio (SNR) levels (see test results in
[13]–[16]). For example, results from [13] show that, using a set
of Mel-frequency cepstral coefficients (MFCCs) as features, the
error rate of speech/music classification increases significantly
from 0% in a clean test to 41% in a test where SNR 10 dB.
For practical applications wherein environmental sounds are
involved in audio classification tasks, noise robustness is an
essential characteristic of the processing system.

Recently, the early auditory (EA) model presented by Wang
and Shamma [17] has been employed in a two-class audio classi-
fication task (i.e., speech/music using a Gaussian mixture model
as the classifier), and robust performance in noisy environments
has been reported [13]. For example, at SNR 15 dB, the error
rate of the auditory based features is 17.7% compared to 40.3%
for the conventional MFCC features. The EA model calculates
a so-called auditory spectrum based on a series of linear and
nonlinear processing steps including filtering with a set of con-
stant- bandpass filters. According to the analysis in [17], the
noise-robustness of the EA model can be attributed in part to its
self-normalization property which causes spectral enhancement
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or noise suppression. These conclusions on the self-normaliza-
tion property are obtained using a qualitative analysis first, fol-
lowed by a quantitative analysis wherein a closed-form expres-
sion of the auditory spectrum is derived. Due to the nonlinearity
of the EA model, for the quantitative analysis, only a special
simplified case has been studied wherein a step function is used
to replace the original nonlinear sigmoid compression function.
With respect to the limitation of the quantitative analysis in [17],
it is of interest to investigate the noise-suppression property
from a broader perspective, i.e., to derive a closed-form expres-
sion for auditory spectrum using a more general sigmoid-like
function, and to conduct relevant analysis.

The noise-robustness of the original EA model has been
demonstrated in different applications [13], [16], [17]. How-
ever, this model is characterized by high computational
requirements and the use of nonlinear processing. It is therefore
desirable to derive an approximated version of the EA model
in the frequency domain, where efficient fast Fourier trans-
form (FFT) algorithms are available. In an earlier study [16],
we proposed such a simplified FFT-based spectrum wherein
a local self-normalization scheme is implemented. Results
from a speech/music/noise classification task show that the
performance of the proposed FFT-based spectrum is compa-
rable to that of the original EA model while its computational
complexity is much lower. This FFT-based spectrum employs
a simple grouping scheme to reduce the dimension of the
power spectrum vector. However, this scheme fails to give a
clear interpretation of the meaning of the frequency index. In
applications where frequency-dependent audio features need
to be extracted (e.g., spectral centroid, bandwidth), it would
be more appropriate, instead of this simple grouping scheme,
to group or select power spectrum components based on the
original constant- bandpass filters.

In this paper, first, we extend the analysis in [17] by investi-
gating the noise-suppression property of the EA model from a
more general perspective wherein a closed-form expression of
the auditory spectrum is derived by using Gaussian cumulative
distribution function (CDF) as an approximation to the original
sigmoid compression function. Second, an improved implemen-
tation is presented for the calculation of an FFT-based auditory
spectrum which extends our previous work in [16]. The intro-
duced improvements include the use of characteristic frequency
(CF) values of the cochlear filters in the EA model for power
spectrum selection, and the use of a pair of fast and slow run-
ning averages over the frequency axis for the implementation of
the self-normalization. With these improvements, the proposed
FFT-based auditory spectrum allows flexibility in the extraction
of noise-robust audio features.

To evaluate the noise-robustness of the proposed FFT-based
auditory spectrum, a three-class (i.e., speech/music/noise) audio
classification task is carried out wherein a support vector ma-
chine (SVM) algorithm and a decision tree learning algorithm
(C4.5 [18]) are employed for classification. Audio features
used in this work include: conventional Mel-frequency cepstral
coefficients (MFCCs), MFCC-like features obtained from the
original auditory spectrum (i.e., based on the EA model), and
the proposed FFT-based auditory spectrum, as well as spectral
features (spectral centroid, bandwidth, etc.) computed from

the latter. Compared to the conventional MFCC features, the
MFCC-like features and the spectral features derived from
the original or the proposed FFT-based auditory spectra show
more robust performance in noisy test cases. It is also noted
that, using the new MFCC-like features, the performance of the
proposed FFT-based auditory spectrum is slightly better than
that of the original auditory spectrum, while its computational
complexity is reduced by an order of magnitude, i.e., a factor of
10 or more. The robustness of the MFCC-like features derived
from the proposed FFT-based auditory spectrum is further
confirmed by test results of noise/non-noise classification
experiments.

The paper is organized as follows. The EA model presented
by Wang and Shamma [17], together with the original analysis
of its noise-robustness property, are summarized in Section II.
As an extension to this original analysis, the proposed analysis
of self-normalization based on Gaussian cumulative distribution
function is presented in Section III. The improved implemen-
tation for the calculation of the FFT-based auditory spectrum
is detailed in Section IV. Section V discusses the extraction of
audio features and the setup of the classification tests. Test re-
sults are presented in Section VI, while Section VII concludes
this work.

II. EA MODEL

A. Structure of the EA Model
In [17] and [19], a computational auditory model is described

based on neurophysiological, biophysical, and psychoacous-
tical investigations at various stages of the auditory system. It
consists of two basic stages, i.e., an early stage and a central
stage. The former, called the EA model, describes the transfor-
mation of the audio signal into an internal neural representation
referred to as auditory spectrogram, whereas the latter analyzes
the spectrogram to estimate the content of its spectral and
temporal modulations. In this paper, we focus on an EA model
which can be simplified as a three-stage process as shown in
Fig. 1 [17]. An audio signal entering the ear first produces a
complex spatio–temporal pattern of vibrations along the basilar
membrane (BM). A simple way to describe the characteristic
response of the BM is to model it as a bank of constant- highly
asymmetric bandpass filters with impulse responses ,
where is the time index and denotes a specific location on
the BM (or equivalently, a channel index).

At the next stage, the motion on the BM is transformed into
neural spikes in the auditory nerves. The process at this stage can
be modeled by the following three steps: a temporal derivative
which converts instantaneous membrane displacement into ve-
locity, a sigmoid compression function which models the
nonlinear channel through the hair cells, and a low-pass filter

accounting for the leakage of the cell membranes.
At the last stage, a lateral inhibitory network (LIN) detects

discontinuities along the cochlear axis . The operations can be
divided into the following four steps: a derivative with respect
to the tonotopic axis which describes the lateral interaction
among LIN neurons, a local smoothing which accounts
for the finite spatial extent of the lateral interactions, a half-
wave rectifier (HWR) which models the nonlinearity of the LIN
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Fig. 1. Schematic description of the early auditory model [17].

neurons, and a temporal integration which reflects the fact that
the central auditory neurons are unable to follow rapid temporal
modulations.

These operations effectively compute a spectrogram of an
acoustic signal. At a specific time index , the output
is referred to as an auditory spectrum.

B. Noise Robustness of the EA Model

In [17], through a stochastic analysis, this EA model is proved
to be noise robust due to an inherent self-normalization prop-
erty. The main results of this analysis are summarized next.

1) Qualitative Analysis of the Self-Normalization Property:
Suppose the input signal can be modeled as a random
process with zero mean. If the bandwidth of the temporal inte-
grator in Fig. 1 is narrow enough, the output auditory spectrum

can be approximated by [17], where
denotes statistical expectation; is referred to as an
auditory spectrum in [17].

For the sake of simplicity, the temporal and spatial smoothing
filters and are ignored in the analysis [17]. Define
quantities and as1

(1)

(2)

where denotes the time-domain convolution. It can be shown
that

(3)

where denotes the probability density function (pdf) of
at given and the derivative function is assumed

nonnegative. Based on (3), the following qualitative conclusions
are reached in [17].

1) The auditory spectrum is proportional to the en-
ergy of [due to the quantity in (3)], and
inversely proportional to the energy of (due to function

), where and are defined in (1) and (2).
2) Considering that the cochlear filters are broad while

the differential filters are narrow and cen-
tered around the same frequencies, can be viewed as a
smoothed version of .

1The dependence of U and V on indices (t; s) is dropped in the main text for
notational simplicity.

3) Combining 1 and 2, the auditory spectrum is a self-normal-
ized spectral profile. Specifically, a spectral peak receives
a relatively small self-normalization factor (i.e., the energy
of is relatively small), whereas a spectral valley receives
a relatively large self-normalization factor.

4) The above difference in the self-normalization further en-
larges the ratio of spectral peak to valley, a phenomenon
referred to as spectral enhancement or noise suppression.

2) Quantitative Analysis of a Special Case: It is desirable
that the above qualitative analysis on the self-normalization
property be verified by some results of a quantitative nature.
However, due to the nonlinearity of the EA model, it is difficult
to find a simple closed-form expression for the integral in (3).

In [17], a special case has been studied wherein the hair cell
nonlinear sigmoid compression function is replaced by a
step function; in this case, becomes a delta function .
Assuming the input signal is a zero mean Gaussian process,
(3) can be expressed in closed form as

(4)

where , and denote the correlation coefficient between
and , the standard deviation of , and the standard deviation
of , respectively. This expression demonstrates the self-nor-
malization nature of the auditory spectrum as analyzed above,
i.e., is proportional to the standard deviation2 of
and inversely proportional to that of .

III. ANALYSIS OF THE SELF-NORMALIZATION PROPERTY

Although a step function can be treated as a very special case
of the sigmoid compression function in Fig. 1, it is desir-
able to obtain the closed-form expression of using
a better, yet mathematically tractable, approximation. In par-
ticular, it is of interest to determine whether the resulting ex-
pression still supports the original analysis on self-normaliza-
tion based on a step function. Having noticed the general non-
linear compression nature of the Gaussian cumulative distribu-
tion function (CDF), and the resemblance between the graph of
the sigmoid function and that of the Gaussian CDF, below, we
use Gaussian CDF as an approximation to the sigmoid compres-
sion function to derive a closed-form expression of
and conduct relevant analysis.

2In [17], considering the one-to-one correspondence between the standard
deviation � and the variance � , the former is referred to as energy.
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Fig. 2. Sigmoid function (� = 0:1) and Gaussian distribution function (� = 0:163). (a) g(x) and �(x=� ). (b) g (x) and (1=� )� (x=� ).

A. Approximation to the Sigmoid Compression Function

Referring to Fig. 1, the sigmoid compression function at the
hair cells stage takes the form of [20]

(5)

where the coefficient is set to 0.1.
Fig. 2(a) shows the sigmoid function with . By

inspecting (5) and Fig. 2(a), it is noted that resembles the
CDF of a Gaussian random variable with zero mean. In partic-
ular, with in (5), is close to the CDF of a Gaussian
variable with zero mean and standard deviation , i.e.,

, where is the CDF of a standard normal random
variable as defined as follows:

(6)

The function is also shown in Fig. 2(a). The deriva-
tives of the function and , respectively, and

, are shown in Fig. 2(b). The relative difference
between the two curves in Fig. 2(b) over a practical range of
values of , as determined from experimental measurements,
is of the order of 2% or less for the different processing chan-
nels.3

In the following analysis, based on the above considerations,
with is approximated as

(7)

where .
3There are 129 channels, corresponding to a set of 129 bandpass filters. See

Section IV.

Fig. 3. E[y (t; s)] as a function of � and � .

B. Closed-Form Expression of

As in [17], assume the input signal is a zero mean sta-
tionary Gaussian process. For given values of , and

are obtained by linear filtering of and are thus zero
mean Gaussian random variables, i.e., , and

, where and denote
the standard deviations of and , respectively. According to
[21] and [22], the conditional pdf of given , denoted

, is also Gaussian with mean and
variance , where represents the correlation
coefficient between and .

With the assumptions made above, the result of (3) is (see
Appendix I for details)

(8)

From (8), it is noted that is a linear function of
. Furthermore, given that , and are all positive

values, and , it is found that
and , which means that is an
increasing function of and a decreasing function of .
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Fig. 4. Schematic description of the proposed FFT-based implementation.

Fig. 3 gives a three-dimensional view of as a func-
tion of and , where and is set to a fixed
value of 0.1 to facilitate the analysis.4

The results given in (8) and Fig. 3 indicate that,
is proportional to (or, the “energy” of according to [17])
and inversely proportional to (or, the “energy” of ac-
cording to [17]). Therefore, using a Gaussian CDF to approx-
imate the original sigmoid function, the derived results support
the original analysis on self-normalization which is summarized
in Section II-B1.

C. Local Spectral Enhancement

With respect to the conclusions on self-normalization sum-
marized in Section II-B1, statement 4 refers to a desirable sit-
uation where spectral enhancement is achieved. It seems to be
a natural result from statement 3, but it may not be necessarily
the case.

To facilitate the following analysis on local spectral en-
hancement due to the self-normalization property, we assume
that where and are treated
as positive quantities. Suppose that corresponds to
a power spectral peak, and is a smoothed version of

. Similarly, and are assumed to be a
power spectral valley and its smoothed version, respectively.

In statement 3, the word “relatively” indicates a comparison
between the power spectrum component and the corresponding
smoothed version, i.e., we have the following:

(9)
(10)

However, to have the ratio of spectral peak to valley enlarged,
the following should be satisfied:

(11)

i.e., it is required that , which may not be
necessarily so. In the case with the above simplified assump-
tions, (9) and (10) do not necessarily ensure that we have (11).

4According to our tests based on the implementation [20], the mean values of
r for the three audio classes (i.e., speech, music, and noise) in different noise
environments are around 0.1.

Thus, the statement 4 is not guaranteed, although it refers to a
property that is desirable for noise suppression.

Although the enlargement of the ratio of spectral peak to
valley is not guaranteed from the above analysis, conditions
given in (9) and (10) do provide a basis for spectral enhance-
ment. Given (9) and (10), a simple way to enlarge the ratio of
spectral peak to valley is to multiply the spectral components

and with the corresponding ratios given in (9)
and (10), i.e.,

(12)

Next, we will propose a simple FFT-based system wherein the
idea presented in (12) is implemented.

IV. NEW AUDITORY-INSPIRED FFT-BASED SPECTRUM

The EA model [17] is characterized by a complicated compu-
tation procedure and the use of nonlinear processing. It would
be desirable that the model be simplified, or approximated in the
frequency domain where efficient FFT algorithms are available.
In our earlier study [16], such a simplified implementation has
been proposed to calculate a self-normalized FFT-based spec-
trum which is proved to be noise-robust in audio classification
tests.

The FFT-based implementation we proposed in [16] employs
a simple grouping scheme to reduce the dimension of the power
spectrum vector. However, this scheme fails to give a clear in-
terpretation of the meaning of the frequency index. In applica-
tions where frequency-dependent audio features need to be ex-
tracted (e.g., spectral centroid, bandwidth), it would be more ap-
propriate, instead of the simple grouping scheme we have pro-
posed, to group or select power spectrum components based on
the original constant- bandpass filters (see Section II).

In this paper, by making use of the characteristic frequency
(CF) values of the bandpass filter set of the EA model [17], and
by integrating the self-normalization property through a pair of
running averages, we present a new implementation for the cal-
culation of the FFT-based spectrum proposed in [16], as illus-
trated in Fig. 4. The details of the proposed implementation are
presented next.
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TABLE I
FREQUENCY INDEX VALUES OF N AND �

Fig. 5. Cochlear filter H(!; s) centered at 1017 Hz and the corresponding dif-
ferential filter @ H(!; s). (The 3-dB bandwidth of the cochlear filter is about
220 Hz, while the 3-dB bandwidth of the differential filter is 80 Hz.)

A. Normalization of the Input Signal

To make the algorithm adaptable to input signals with dif-
ferent energy levels, each input audio clip (with a length of 1 s)
is normalized with respect to the square-root value of its average
energy.

B. Calculation of a Short-Time Power Spectrum

Using the normalized audio signal, a short-time power spec-
trum is calculated through an -point FFT algorithm. To deter-
mine an appropriate value for , we have to trade performance
against complexity.

The cochlear filters in the EA model are modeled as a set of
constant- bandpass filters [17], [23]. In implementation [20],

Fig. 6. Running average scheme.

the 129 CF values of the corresponding constant- bandpass
filters are determined by5

(13)

where Hz, and .
According to (13), the CF values cover a range from 180 to

7246 Hz. The difference between two neighboring CF values is
as low as about 5.27 Hz for and . For a signal sampled
at 16 kHz, which is used in this study, even with a 2048-point
FFT, such a small frequency interval cannot be resolved. Mean-
while, since the CF values are logarithmically located, the fre-
quency resolution achieved from a 2048-point or even higher
order FFT algorithm is more than necessary for the high-fre-
quency bands. In this paper, we use an -point FFT to
achieve a tradeoff between frequency resolution and computa-
tional complexity. The length of the analysis window is 30 ms
and the overlap is 20 ms.

C. Power Spectrum Selection

To reduce the dimension of the obtained power spectrum
vector, a simple selection scheme is proposed as follows. First,
we extend the values of in (13), i.e., from 10 to 132. Or
equivalently, (13) is modified as6

(14)

where . For each , the corresponding fre-
quency index is determined by

(15)

where function returns the nearest integer value of , and
is the sampling frequency. After discarding the repeated

values and renumbering the remaining values, we obtain a set of
5Instead of 129, the actual size of the output auditory spectrum vector is 128

due to the derivative with respect to the channel (see Fig. 1).
6One purpose of extending the values of k is to include more low-frequency

components for power spectrum selection. The second purpose is to make the
size of the proposed FFT-based auditory spectrum vector [i.e., 120, see (16)]
comparable to that of the original auditory spectrum vector (i.e., 128).
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Fig. 7. Proposed FFT-based spectrograms of a 1-s speech clip. (a) Clean case. (b) SNR = 15 dB.

120 characteristic frequency index values , ,
as illustrated in Table I.

Using frequency index values , the power spectrum selec-
tion (see Fig. 4) is as follows:

(16)

Based on (16), a set of , i.e., 512, power spectrum compo-
nents is transformed into a 120-dimensional vector, with each
frequency index value corresponding to a specific CF value of
the original cochlear filters.

D. Spectral Self-Normalization
As discussed in Section III-C, the ratio of spectral peak to

valley can be enlarged through the scheme given by (12). In [16],
such a local self-normalization is implemented through the use
of a pair of wide and narrow windows defined in the frequency
domain. Below, we propose an improved implementation for
self-normalization which is simpler and easier to use than the
one in [16].

According to [17], the cochlear filters are broad and highly
asymmetric, and the differential filters are narrowly tuned
and centered around the same frequencies. Fig. 5 shows the
magnitude responses of a cochlear filter , which is
centered at 1017 Hz, and the corresponding differential filter

[20]. Based on the magnitude responses shown
in Fig. 5, an iterative running average is defined over the
frequency index as follows:

(17)

where , and and are the input and av-
eraged output, respectively. A relatively large corresponds to
a “fast” running average, while a relatively small results in a
“slow” running average. A slow and fast running averages are
employed here to simulate a cochlear filter and a differential
filter, respectively.

An example of the running average defined in (17) is illus-
trated in Fig. 6, which shows a power spectrum vector in relative
values and its running averaged version with . In gen-
eral, for a spectral peak, the corresponding smoothed value is

smaller, while for a spectral valley, the corresponding smoothed
value is larger.

Let and represent the outputs from a fast and a
slow running averages, respectively. may be viewed as a
smoothed version of . Based on and , a self-
normalization coefficient at frequency index , , is defined
as

(18)

Therefore, in general is larger than 1 for a spectral peak
and smaller than 1 for a spectral valley, which coincides with
the conditions given in (9) and (10).

To implement the self-normalization, the selected power
spectrum at frequency index , i.e., , is multiplied by the
corresponding self-normalization coefficient , generating
a set of self-normalized power spectrum data . By using
different parameters for the two running averages, the effect
of self-normalization varies, leading to variable classification
performance (see Section VI-C).

E. Postprocessing
The square-root values of the self-normalized spectrum data

are further calculated. Finally, the proposed auditory-in-
spired FFT-based spectrum is obtained by applying a smoothing
operation on the square-root spectrum data. The smoothing can
be implemented using a fast running average as defined in (17).
For the sake of simplicity, the smoothing process is not con-
sidered in this paper. Fig. 7 gives an example of the proposed
FFT-based spectrograms of a 1-s speech clip in a clean case and
in a noisy case where SNR 15 dB. From Fig. 7, we can see
that the two spectrograms are fairly close to each other.

Compared to the self-normalization scheme we proposed in
[16], the new implementation presented here is simpler and
easier to use since it only involves two parameters to adjust,
i.e., a fast and a slow running average coefficients. Besides, by
making use of the CF values of the original bandpass filters,
a relationship is created between the frequency index of the
proposed FFT-based auditory spectrum vector and the physical
frequency value. Therefore, the proposed FFT-based auditory
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