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Abstract

This paper examines the effectiveness of a generalized
dynamic cepstrum in distant speech recognition. The
generalized dynamic cepstrum (DyMFGC) is based upon
the forward masking on the generalized logarithmic spec-
trum instead of the log-spectrum, which intends to make
it robust to additive noise as well as convolutional noise.
Digit recognition tests were carried out in a relatively
quiet and small sized office environment. Under white
noise environments, the DyMFGC outperforms the dy-
namic cepstrum on the logarithmic spectrum and the
MFCC with cepstral mean normalization. It also main-
tains the word accuracy of 90% to 95% within a 1m
distance from a source. In speech babble noise envi-
ronments, the performance of the DyMFGC is approxi-
mately the same as that of the dynamic cepstrum on the
logarithmic amplitude scale.

1. Introduction

Most of current speech recognizers use head-mounted or
hand-held microphones, and thus their flexibility is re-
stricted. In order to extend its use to a wide variety
of applications, hands-free interaction is necessary. In
hands-free speech recognition, recognition systems are
affected by a variation of reverberation as well as signal-
to-noise ratio caused by the movement of the talker, and
thus severely degrades the performance even for slightly
reverberant speech.

To overcome these difficulties, it is important to re-
duce the interferences by reverberation and background
noise in the transduction phase using special microphone
systems such as microphone arrays. Furthermore, in the
front-end of recognizers, compensation and/or adaptation
are required to enhance the robustness to the variation of
such interferences.

A variety of compensation techniques and robust
spectral parameters have previously been proposed.
Among these techniques, the cepstral mean subtraction
(CMS), the relative spectral (RASTA) technique[1], the
Lin-Log RASTA[2], and the dynamic cepstrum (DyC)[3]
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have been shown to be effective not only for convo-
lutional noise but also for additive noise to some ex-
tent. We previously proposed the generalized dynamic
cepstrum[7] to improve the robustness of the dynamic
cepstrum to additive noise while maintaining the robust-
ness to convolutional noise. This parameter is based upon
the forward masking on the generalized logarithmic spec-
tral domain[4]. This is a compromise between the linear
and logarithmic scale, unlike the linear approximation of
the logarithmic scale in the Lin-Log RASTA. Although
the above techniques can not remove the effect of rever-
beration since the room impulse response is much longer
than analysis window, some parts of coloration caused by
early reflections may be reduced.

This paper examines the effectiveness of a general-
ized dynamic cepstrum through gender-independent con-
nected digit recognition tests in distant speech recog-
nition. The recognition performance is compared with
those of other similar conventional techniques; the
dynamic cepstrum on the logarithmic scale, and the
MFCC[5] with or without the cepstral mean subtrac-
tion(CMS).

2. The Generalized Dynamic Cepstrum

The generalized dynamic cepstrum is based on the for-
ward masking. The forward masking for the DyC was
simulated in the linear predictive spectral domain on the
linear frequency scale[3], whereas in this study it was ap-
plied to the mel-scale filterbank spectra together with an
equal loudness weighting. The computational procedure
is outlined as follows.

(1) Mel-Scale Filterbank Analysis
The power spectrum of a windowed speech segment is
obtained by the same mel-scale triangular filters used in
the conventional MFCC analysis. In the following steps,
Y (n; k) denotes the power of the kth channel at time n
(k = 1; � � � ; N ; n = 0; 1; � � �).

(2) Equal Loudness Preemphasis
In this study, the power spectrum Y (n; k) is preempha-
sized by the simulated equal loudness curve E(k) as in
the PLP analysis[6].

X(n; k) = E(k)Y (n; k) (1)
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This property of E(k) simulates the relative sensitivity
of hearing at the center frequency of the kth channel at
the 40dB level. While this preemphasis has no effect
on the performance of MFCC-based ASR systems, the
preemphasis combined with the generalized logarithmic
amplitude conversion is effective for suppressing low fre-
quency emphasized distortion.

(3) Generalized Logarithmic Scale Conversion
The magnitude of X(n; k) is compressed by the general-
ized logarithmic function s (w)[4] as

X (n; k) = s(X(n; k)) (2)

where s (w) is defined by

s(w) =

�
(w

� 1)=; 0 < jj � 1
ln w;  = 0:

(3)

This -th power operation in equation (3) intends to ap-
proximate the power law of hearing as in the PLP analy-
sis. The generalized logarithmic power spectra X(n; k)
for  = 0 and  = 1 correspond to the logarithmic and
the power spectra, respectively.

(4) Forward Masking
In the DyC representation, the forward masking is for-
mulated as the current spectrum which is suppressed by
the masker spectrum. This is the sum of the preced-
ing frequency-smoothed and decayed spectra[3]. In this
study, however, the frequency-smoothing was excluded.
The masked spectrum P;�(n; k) is then represented by

P;�(n; k) = X (n; k)� �M (n; k); (4)

where � is a subtraction coefficient, and M (n; k) is
the masker spectrum. M(n; k) is the exponentially
weighted sum of preceding spectra, and is computed by

M(n; k) = �M (n�1; k)+(1��)X (n�1; k) (5)

where � is a decay rate.

(5) DCT and Gain Normalization
The masked spectrum P;�(n; k) is converted to the
generalized cepstral coefficient c(n; i) by DCT. Unlike
the standard cepstrum, the generalized cepstrum is not
free from the gain factor of speech. Therefore, c(n; i)
is finally converted to the gain normalized coefficient,
~c(n; i) as

~c(n; i) =

�
c(n; i) �X(n)� � s

�( �X(n))(1� �); i = 0

c(n; i) �X(n)� ; i 6= 0;

(6)
where �X(n) is the mean spectral level defined by

�X(n) =
1

N

NX
i=1

X(n; k) : (7)

This normalization is derived by replacing the general-
ized logarithmic spectra s (X(m; k)) in equations (4)
and (5) with s (X(m; k)= �X(n)) for all m.

According to the previous experiments[7], the value
of �=0.8, �=0.7, and =0.1 will be used throughout the
following experiments. ~c (n; i) for =0.1 is referred to as
the dynamic mel-frequency generalized cepstrum (DyM-
FGC), while that for =0 is referred to as DyMFCC,
which is a MFCC version of the conventional dynamic
cepstrum.

3. Evaluation

3.1. Experimental Setup

Distant speech signal x(n) was produced by the model
shown in Fig.1. In this figure, s(n) and N (n) are the
speech signal and the background noise at a microphone,
respectively, and h(n) is the acoustic impulse response
between the source and the output of the microphone.
The actual acoustic impulse responses in a small office
(6m x 4.5m x 3m) were estimated using the time stretched
pulse (TSP) method[8]. A periodic sequence of TSPs
was reproduced by a loudspeaker and was received by
a unidirectional microphone at a distance of 0.2m, 0.5m,
1.0m and 2.0m from the source. Fig.2 shows their ampli-
tude frequency responses at a distance of 0.5m, 1.0m, and
2.0m, which are normalized by the response at a distance
of 0.2m. Thus, it should be noted that although the re-
sponse h(n) includes the transfer characteristics of both
the microphone and the loudspeaker, the frequency re-
sponses in Fig.2 doesn’t include their transfer character-
istics. The reverberation level, T60, of this room is 0.22s.

The speech data is from EJC database which con-
sists of 35 utterances (four-connected digits per utter-
ance) from each of 50 male and 50 female speakers.
The additive noises are computer generated white noise
and speech babble noises from NOISEX-92 database.
The speech and additive noise were downsampled from
16kHz to 8kHz. The speech signal was analyzed using a
20ms Hamming window with a 5ms frame period.

A feature vector was composed of 13 dynamic cep-
stral coefficients or 13 MFCCs except the power term.
The structure of HMMs used is a left-to-right model
with 16 emitting states with 4 Gaussian mixtures. The
gender-independent HMMs for ten digits were trained us-
ing a total of 1600 utterances from 40 male and 40 fe-
male speakers. The recognition tests were carried out

s(n) x(n)

N(n)

h(n)
Speech

Acoustic
Impulse Response Acoustic Noise

Figure 1: Model of room environment
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Figure 2: Acoustic transfer functions.

using a total of 300 test utterances from the other 10
male and 10 female speakers. The recognition perfor-
mance was evaluated in terms of percentage accuracy
(Acc:[%] = N�D�S�I

N
� 100), where N tokens , S,

D, and I are substitution, deletion, and insertion errors,
respectively.

3.2. Effect of Reverberation without noise

First, the influence of reverberation was investigated un-
der no noise conditions. The test sets are corrupted
only by convolution with the impulse response h(t) for
each position of the loudspeaker. Fig.3(A) compares
the recognition accuracies for the four parameters ob-
tained with HMMs trained using clean speech which is
free from any distortions. It was confirmed that both the
DyMFGC and DyMFCC based on the forward masking
outperform the MFCC with or without CMS. Although
the impulse responses include the effect of the transfer
functions of both the loudspeaker and the microphone,
the DyMFC and DyMFGC maintain almost the same
recognition accuracies for the 0.2m distance as that for
clean speech, while the MFCC without CMS extremely
degrades the accuracy due to both convolutional distor-
tions. Fig.3(B) shows the recognition results obtained
with HMMs trained using reverberant speech at a dis-
tance of 1m. In this case, the DyMFGC and DyMFCC at-
tain more than 95% in word accuracy for distance shorter
than 1m. The performance of the MFCC is the same as
that of the MFCC without CMS since the convolutional
distortions caused by both transducers are matched be-
tween the test and trained sets.

3.3. Effect of Both Reverberation and Noise

The combined influences of reverberation and additive
noises were examined. The noise level added to rever-
berant speech was set so as to give 24dB SNR for 1.0m
distant speech. According to distance attenuation, the
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Figure 3: Comparison of the recognition accuracy for the
four parameters under reverberant and quiet conditions.

SNRs for 0.2m, 0.5m and 2.0m distances are 36dB, 30dB,
and 18dB, respectively. Fig.4 and Fig.5 show the results
for the white noise and speech babble noise conditions,
respectively. Fig.(A)’s results were obtained with the
same HMMs as in Fig.3, i.e., reverberant but noise-free
HMMs, and Fig.(B)’s results were obtained with HMMs
trained using reverberant and noisy speech whose con-
dition is matched to the 1.0m distant speech. When us-
ing noise-free HMMs, the DyMFGC attains 5% to 10%
higher recognition accuracies for the white noise environ-
ments than the DyMFCC. However, for the speech bab-
ble noise environments the performance of the DyMFGC
is slightly lower than that of the DyMFCC. In the case
of reverberant and noisy HMMs, the performances of the
DyMFGC and DyMFCC are almost the same, and are
better than that of the MFCC with and without CMS ex-
cept a distance of 2.0m.

4. Conclusions

This paper has examined the effect of generalized dy-
namic cepstrum in distant speech recognition in relatively
quiet and small sized office environments. Under SNR
mismatch conditions in white noise environments, the
generalized dynamic cepstrum outperforms the dynamic
cepstrum on the logarithmic scale. In other conditions,



 Eurospeech 2001 - Scandinavia

20 50 100 200
DISTANCE [cm]

 20

 30

 40

 50

 60

 70

 80

 90

100
W

O
R

D
 A

C
C

U
R

A
C

Y
 [

%
] 

MFCC 
MFCC+CMS 
DyMFC 
DyMFGC 

(A) Reverberant speech HMM

20 50 100 200
DISTANCE [cm]

 80

 90

100

 W
O

R
D

 A
C

C
U

R
A

C
Y

 [
%

]

MFCC
MFCC+CMS
DyMFC
DyMFGC

(B) Reverberant and noisy HMM.

Figure 4: Comparison of the recognition accuracy for the
four parameters under white noise conditions (24dB at a
distance of 1m).

the performances of the generalized and conventional dy-
namic cepstra are approximately the same, and both out-
perform the conventional MFCC with or without CMS.

The forward masking parameters used in this study
may not be optimal for reverberant conditions. There-
fore, in future work, it is necessary to find the optimum
parameters in forward masking under various reverberant
environments, and to compare the performance with the
similar feature parameters such as the Lin-Log RASTA.
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