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Abstract

The classification of acoustic signals is an important step in
many audio signal processing algorithms, e.g. in the context
of speech enhancement, speech recognition, and others. Sig-
nals which are captured for classification are often degraded by
an unknown amount of reverberation in a real environment. If a
classifier is trained on clean and anechoic data, a mismatch be-
tween training and test conditions results in a reduced classifi-
cation accuracy. In this paper, we introduce a novel equalization
gain matrix which can be applied to modulation domain audio
features. This gain is designed to counteract the modifications
which originate from reverberation such that the mismatch be-
tween clean training data and degraded test data is reduced. Ex-
periments show that the classification accuracy can be increased
significantly for reverberant signals.

Index Terms: Classification, Reverberation, MFCC

1. Introduction

The environmental conditions in which acoustic signal classi-
fication systems are used are in general not known and may
change over time. One important factor which has to be con-
sidered in this context is reverberation. Reverberation results in
a mismatch between the clean and anechoic training of a clas-
sification system and the test data. This mismatch leads to a
reduced accuracy for signal classification or speech recognition
[1, 2]. To improve the performance of an algorithm which suf-
fers from the influence of reverberation, one can either account
for the mismatch in the design of the classification model (back-
end method), or try to reduce the degrading influence in the
actual signal sample to be classified (front-end method), while
training the classifier on clean and anechoic data. Signal dereve-
beration is often performed by means of iterative and adaptive
acoustic channel estimation and equalization techniques [3].
In [4], these methods are applied for instance in an automatic
speech recognition task. In contrast to the dereveberation of the
actual signal, in our contribution we introduce a front-end ap-
proach that reduces reverberation related distortions in the ex-
traction phase of audio features.

The feature set that we use in our classification task is based
on the modulation spectrum of the Mel-frequency cepstral coef-
ficients (MFCCs). Modulation domain features have been suc-
cessfully used in several works before [5, 6, 7].

The modifications due to the transmission from the source
to the receiver in a reverberant room are of convolutive nature
and have an impact on the modulation characteristics of a sig-
nal. In earlier investigations on automatic speech recognition
[8, 9], it was shown that filtering a reverberant signal in the
spectral domain can be successfully used to restore temporal
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characteristics of a speech signal which is degraded by reverber-
ation. In our work, we extend this concept by applying a gain
function dependent on the modulation frequency to the modu-
lation spectrum of the MFCCs. In contrast to previous methods
where one and the same high-pass or bandpass filter was used,
this gain is optimized for each individual MFCC. The respec-
tive MFCC- and modulation frequency-dependent gains are es-
timated in a training step and averaged over several rooms and
source-microphone placements.

This paper is structured as follows: in Section 2, we in-
troduce the feature set that we use in our classification experi-
ments. Then, in Section 3, we illustrate the effect of reverber-
ation on the feature computation and introduce an equalization
gain matrix which can be applied in the course of the feature ex-
traction. The evaluation setup and classification experiments are
described in Section 4. The classification results are presented
and discussed in Section 5. Section 6 concludes the paper.

2. Mod-MFCC feature extraction

For classification tasks, captured audio data is usually trans-
formed into a low-dimensional representation, which allows to
distinguish different classes. Different types of audio features
were introduced and evaluated in various classification exper-
iments, e.g., for clean speech, speech in noise, noise and mu-
sic classification [10, 11, 5, 12], or music genre classification
[13, 14]. For our investigation we consider a cepstro-temporal
representation of the signal [6] which is based on the MFCCs
[15] of a signal. We call the feature set Modulation Mel-
Frequency Cepstral Coefficients (Mod-MFCCs).

To compute the Mod-MFCC features, we use the short-time
Fourier transform (STFT) representation X (k, b) of the signal
z(t), where k and b denote the frequency bin and time frame
index, respectively. Now, the squared magnitude spectrum is
mapped onto the Mel scale [16], which results in the Mel-
spectrum X (k’, ), where k' = 0,1, ..., K’ — 1 s the index
of the Mel scale frequency bin. Then, the MFCCs Xcc (7, b)
with the cepstral coefficient index n = 0,1,..., K’ — 1 are
calculated by computing the discrete cosine transform of the
logarithm of the absolute Mel-spectrum. We compute the short-
time MFCC modulation spectrum Xpsec (v, 7, ¢) using a sliding
window discrete Fourier transform (DFT):

L—1
~ _2mly
Xotee(v,1,¢) = > Xnee(m,cR+ e 2, (1)
£=0

where, starting at sub-frame index b = cR, the sliding window
considers L consecutive frames. The modulation frequency bin
index is specified by v = 0,1,...,L/2 and ¢ and R denote
the temporal modulation window index and shift, respectively,
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withc = 0,1,...,C — 1[6, 1]. We aim to generate a feature
representation which behaves rather stationary in comparison
to short-time audio features. Therefore, the absolute values of
the modulation spectra are averaged over all C' frames (2) and
cepstral modulation ratios (CMR) p,, ., (1) are computed in
(3) to summarize the modulation spectrum,

c—-1
. 1 )
Kmtee (v, m) = - Z | Xmee (v, 1, €))| )
c=0
Z2:1/ mecc (V7 77)
Puylvg (77) = 1 3

(V2 -+ l)mecc(O7 77)

Note, that in (3) the average of several modulation frequency
bands within 1 < v < s is normalized on the zeroth mod-
ulation frequency band. If 1 = v2 > 1, this reduces to a
single modulation frequency band that is normalized by the ze-
roth band. In addition to CMRs, we further compute Xnfee (1)
for the feature vector, where

L-1
_ 1 - ,
mecc(n) = Z Z mecc(l/ 777)

v'=0

“

is the modulation spectrum averaged over all modulation fre-
quencies v for each MFCC bin 7).

For the work that is presented here, we sample microphone
signals at fs = 16 kHz and process them in blocks of T" = 4
seconds duration. We extract Mod-MFCC features and apply
cepstral mean normalization (CMN) [17, 18], for the training
and test data of a classification experiment. CMN reduces the
influence of slowly varying characteristics of the transmission
channel or overall variations of the power, as both result in
a constant additive offset in the MFCC computation. For the
spectral and cepstral analysis, the frame length is 512 and frame
shift is 256 samples. For the cepstral modulation analysis the
frame length and shift is set to L = 16 and R = 8, respectively.
Feature vectors are computed for the first 13 MFCCs which are
selected from the computation of the DCT with a constant num-
ber of 40 coefficients. The CMRS p,,, |, (1) for vy = 1,10 =1
as well as for v1 = 2, v, = 8 are computed, where v2 = 8 is
the highest modulation frequency in our analysis. The CMRs
and the averaged modulation spectrum Xpsec(1) are rewritten
in vector notation (fornp = 1,...,13) as p1|1, p2js and X mtee,
and finally stacked into one feature vector

oT
v = (mecmpf\lvpg\S)T' (5)

This results in 39 coefficients to summarize 4s of audio data.
Note, that all vector components make use of the averaged
MFCC modulation spectrum (2) to which the equalization gain
matrix will be applied.

3. Reduction of reverberation effects in the
MFCC modulation spectrum

In this section, we illustrate the effect that reverberation has to
the Mel-spectrum Xyei(k', b), the MFCCs Xmiec(1, b), and to
the averaged MFCC modulation spectrum (2) of a sample sig-
nal. Further, we propose an equalization gain that can be ap-
plied in the feature extraction stage to reduce the influence of
environmental reverberation on the resulting feature vector.

3.1. Influence of reverberation onto the feature representa-
tion

In Fig. 1(a), the Mel-spectrum Xpei(k',b) of a speech signal
(i.e., the word otherwise), is illustrated. We convolved the sig-
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nal with a (measured) room impulse response (RIR) (Ts0 ~
600ms) to create a reverberant instance of the signal, illustrated
in Fig. 1(b). The temporal smearing is clearly observable and
the general structure looks more noisy for the reverberant sig-
nal.

The respective MFCCs of the anechoic and the reverberant
signals are illustrated in Fig. 2. For our feature vector compu-
tation, we consider the temporal evolution of the MFCCs. With
this in mind, we observe rather slow variations with smooth
transitions between high and low values for the clean signal
MFCCs (Fig. 2(a)). In comparison, the MFCCs of the rever-
berant signal look more scattered (Fig. 2(b)). The transitions
between high and low values are less smooth and the dynamic
range is reduced in general.

Resulting differences are recognizable in the averaged
MFCC modulation spectra (2) of both signals (Fig. 3), as well.
In the zeroth and first MFCC of the clean signal MFCC modu-
lation spectrum, the modulation energy is higher for nearly all
modulation frequencies, compared to the respective reverber-
ant counterpart. The property of slow and smooth variations
forn € {2,...,9} results in higher modulation amplitudes for
these MFCCs in the low modulation frequencies v € {2, 3}
for the anechoic signal (Fig. 3(a)). The noise-like fluctuations
in MFCCs 7 > 1 of the reverberant signal (Fig. 3(b)) result in
larger amplitudes for high modulation frequencies.

A straightforward processing strategy for reducing the mis-
match in the MFCC modulation characteristics between ane-
choic and reverberant data therefore is to improve the degraded
modulation spectrum of the reverberant MFCCs.

3.2. Equalization gain to reduce the influence of reverbera-
tion on the averaged modulation spectrum

Given the averaged MFCC modulation spectra of the clean and
the degraded signal, as in Fig. 3, we can define an equalization
gain matrix G as

g1 ,1 g1 s TImax

G = (6)

Guvyn

Gvmax, TImax

Gvmax, 1

where vmaw = L/2. The values g, can be derived indepen-
dently for each point in the (v,7)-plane as the ratio between
both averaged modulation spectra. Then G can be used in a
point-wise multiplication to modify the degraded signal MFCC
modulation spectrum such that it then resembles the clean mod-
ulation spectrum. Of course, G is in this case the matched solu-
tion for one special example of a signal and reverberation sce-
nario.

However, when several audio signals of different types are
used in combination with RIRs of different reverberant scenar-
ios, we can estimated an average equalization matrix G, e.g.,
by means of a least-squares (LS) problem. To do so, we sim-
ulate reverberated versions of signals of different signal types
and scenarios, and compare the averaged modulation spectra of
these signals with their equivalents for which only the direct
path transmission is considered. This comparison is performed
for k simulated reverberated microphone signals. Thus, we for-
mulate a LS problem for each combination of modulation fre-
quency and MFCC as

e(g) = Hmecc,dir - ngfcc,rev‘ |2~ (7)

For every point in the (v, n)-plane, we define a vector of the
respective values of the averaged modulation spectra of the
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Figure 1: Absolute values of
spectrum of the word otherwise.

simulated microphone signals for which only direct path trans-
mission from a source to a microphone is considered X mfcc dir =
(Xmteedind s Xmfcedin2, - - - s Xmiceding )~ » and a vector of values
of the averaged modulation spectra of the simulated micro-
phone signals, based on the convolution with complete RIRs
mecc,rev = (mecc,rev,l 5 mecc,rev,Z, ceey mecc,rev,l{)T ~The de‘
pendency on (v,7n) is dropped in the definitions of X mtccdir,
X micerey and in (7) to improve readability. By computing the
LS-solution
S o T

g = (mecc,revafcc,rev) -1 mecc,revafcc,dir (8)

for each point in the (v, n)-plane, we obtain the weighting ma-
trix G. Details about the simulations used for this computation
and the results are presented in the next section. After the esti-
mations of the elements of an averaged matrix GG, we can apply
the gain on the averaged modulation spectrum of the reverberant
test signal and obtain an improved averaged modulation spec-
trum for the feature computation,

meCCvimP(Va 77) = meCC(V7 W)gv,nv (9)

which is now (due to the average computation of the gains over
several transmission scenarios in different reverberant environ-
ments) an approximation of the original averaged modulation
spectrum.

3.3. Estimation of Mod-MFCC equalization gain weights

To obtain G rather independent from a single signal or a spe-
cific signal type, we simulate reverberant signals of speech, mu-
sic and noise sounds. Further, to obtain independence from a
specific environment, we create virtual RIRs of three different
rooms sizes and reverberation times (750 = 340, 490, 630ms)
with randomly placed microphones and sources (details about
these rooms are given in [1]) with an improved version of the
image source model that we introduced in [19]. In this way,
we create K = 5400 different instances which contribute to the
LS-solution for every point in the (v,n)-plane. The resulting
equalization matrix is depicted in Fig. 4.
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The results are in line with the observations based on our
simple example for the word otherwise before. The modulation
energy of the first two MFCCs is increased. Further, we obtain
a bandpass-like behavior for larger MFCCs. The amplitudes of
the low modulation frequencies v € {2, 3} are increased, as
the gain is larger than 1. For the zeroth modulation frequency
as well as for modulation frequencies v > 3, the gain is lower
than 1, and thus, the amplitudes of the modulation analysis is
reduced. Interestingly, the modulation frequencies v € {2, 3}
correspond to modulations between 4 — 8Hz, which are partic-
ularly important for speech [20, 21].

4. Evaluation

We evaluate the influence of the weighting in the modulation
spectrum by means of classification experiments with reverber-
ant signals. For this, we create RIRs, again using [19], for the
transmission of a source signal to three microphones, for the
setup that is illustrated in Fig. 5 (note, that the RIRs of this
setup are not used in the estimation of G). The distance d; be-
tween the source and the microphone i is: di = 0.4m,d2 =
2.0m, d3 = 5.0m and the reverberation time is Tgp =~ 600ms.
Thus, microphone 1 receives the signal with the largest ratio be-
tween direct path and reverberant sound energy (DRR). Further,
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Figure 5: Simulation setup for the classification of microphone
signals.

we create two additional microphone signals using two mea-
sured RIRs from an office (Mic. 4, ds = 3m, Tso =~ 450ms)
and a lecture hall (Mic. 5, ds = 2.2m, Tgo =~ 700ms) [22].
Note, that for the estimation of G, the RIRs from [22] are not
used. Thus, different RIRs are used for the gain estimation and
the testing with artificial and measured RIRs.

We use 100 signals of each class, speech [23], music (pri-
vate databse, different genres such as rock and pop, instrumen-
tal classic and jazz, labelled using the allmusic guidelines [24])
and noise [25] and extract the Mod-MFCC features using the
parameters described earlier. For the classification we use a
linear discriminant analysis (LDA) [26] which is trained with
75% of the data of each class. For the baseline experiment,
we use the remaining 25% of the data of each class as clean
test samples for the classification experiment (the gain in the
modulation spectrum is not applied in this case). For the clas-
sification based on reverberant signals, the remaining 25% are
used as source signal and convolved with the RIRs, to create
the simulated microphone signals from which the audio fea-
tures are extracted. The classification accuracy is averaged over
10 cross-validation iterations in which the allocation of training
and test data is randomized and thus, new reverberant micro-
phone signals are created in each iteration. For the classifica-
tion experiments based on the simulated microphone signals,
the feature vectors are computed for both cases, when G is not
applied (original modulation spectrum) and when G is applied
(improved modulation spectrum).

5. Results

The results of the baseline experiment in Tab. 1 show that the
selected feature set in combination with the LDA classifier is
capable to discriminate between the three signal classes with an
accuracy of over 90% when no mismatch between training and
test data is present. The classes speech and music are classified
correctly in more than 96% of the test cases.

When feature vectors from the reverberant microphone sig-
nals are used as input for the classifier and the gain in the modu-
lation spectrum is not applied, only the signals of microphone 1
(which is located very closely to the source) are classified with
a similar accuracy (Tab. 2) for all classes. For the other micro-
phones, the classification accuracy of speech suffers most from
the influence of reverberation. The classification accuracy of
noise is reduced as well. The modifications due to reverber-
ation in the data lead to a misclassification of both classes as
music. When the proposed equalization gain in the averaged
modulation spectrum is applied for the feature computation of
the microphone signals, the classification is much more accu-
rate for the speech classification. The accuracy for music clas-
sification does not change notably. Noise is classified slightly

1995

Table 1: Classification accuracy (in %), for clean data.

classified as

Speech  Music  Noise
Speech 99.5 0.5 0.0
Music 1.7 96.2 2.1
Noise 0.0 8.2 91.8

Table 2: Accuracy of the classification (in %) based on simu-
lated microphone signals using the original Mod-MFCCs.

Sim. RIRs | Meas. RIRs
Mic.-Index

Source Classified as 1 2 3 4 5
Speech 97.6 484 40.0 | 76.4 564
Speech ~ Music 24 516 60.0 | 23.6 43.6
Noise 0.0 0.0 0.0 0.0 0.0
Speech 1.4 1.2 1.8 1.6 0.0
Music Music 986 98.8 97.8 | 97.6 99.6
Noise 0.0 0.8 0.4 0.8 0.4
Speech 0.0 0.0 0.0 0.0 0.0
Noise Music 11.2 132 172 | 17.3 147
Noise 88.8 86.8 828 | 82.7 853

Table 3: Accuracy of the classification (in %) based on simu-
lated microphone signals. The modulation spectrum improve-
ment is applied in the feature extraction.

Sim. RIRs | Meas. RIRs
Mic.-Index

Source Classified as 1 2 3 4 5
Speech 99.8 98.8 96.8 | 99.6 98.0
Speech  Music 0.2 1.6 32 0.4 2.0
Noise 0.0 0.0 0.0 0.0 0.0
Speech 2.4 2.0 3.0 32 3.2
Music Music 972 972 96.6 | 964 95.6
Noise 0.4 0.8 0.4 0.4 1.2
Speech 0.0 0.0 0.0 0.0 0.0
Noise Music 7.6 144 156 | 153 133
Noise 924 856 844 | 847 86.7

more accurate, mainly for microphone 1 which is very close to
the source. The accuracy improvement is observable for both,
simulated and measured RIRs.

6. Conclusions

In this paper we proposed a multiplicative gain function in the
MFCC modulation spectral domain which minimizes the mis-
match between anechoic training data and reverberant test data
in the least-square sense. The gain can be applied to obtain
an enhanced feature representation as input for a classification
system which is trained on clean and anechoic data. Several
microphone-source scenarios in different reverberant rooms are
used for the training of the gains. Tests are conducted on simu-
lated microphone signals which are created with different artifi-
cial RIRs as well as with measured RIRs. Due to the application
of the gain, the classification accuracy particularly for speech
classification can be increased in the presence of reverberation.
The improvement, however, may be less strong if the reverbera-
tion time in the test case diverges drastically from those used in
the gain estimation. The proposed method can easily be adapted
to other forms of modulation-based features.
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