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ABSTRACT
A speech signal captured by a distant microphone is generally smeared by reverberation, which is known to
severely degrade Automatic Speech Recognition (ASR) performance. One way to solve this problem is to
dereverberate the observed signal prior to ASR. In this paper, we propose an efficient dereverberation method
that employs multi-channel multi-step forward linear prediction. It could precisely estimate and suppress
the late reflections that are known to be a major cause of ASR performance degradation. The algorithm
performed good dereverberation with an amount of observed data corresponding to the duration of one
speech utterance, in our case, less than 6 seconds. Experimental results showed substantial improvements in
ASR performance under severe reverberant conditions. The algorithm could work below a real-time factor
of 1.

1. INTRODUCTION
A speech signal captured by a distant microphone is
generally smeared by reverberation. The reverbera-
tion is known to deteriorate the performance of Au-
tomatic Speech Recognition (ASR) severely. Thus,
it is desirable to find a reliable way of mitigating the
effect that reverberation has on ASR.

A major stream of research designed to find a way
to cope with the reverberation problem involves esti-
mating inverse filters for the room impulse responses
that characterizes the acoustic paths between the
speaker and the microphones. These inverse filters
are designed to cancel out the distortion caused by
the room impulse responses, and generally estimated
using multiple microphones [1][2]. The dereverber-
ation methods based on inverse filtering are devel-
oped with a rigorous mathematical formulation that
potentially enables us to achieve almost perfect dere-
verberation. Therefore, they are viewed as very at-
tractive solutions for solving the reverberation prob-

lem. However, these methods are known to pose a
sensitivity problem in that background noise or a
small change in the transfer function results in se-
vere performance degradation [2][3].

In contrast to the inverse filtering methods, robust
and practical approaches have been investigated to
mitigate the effect of reverberation on ASR [4][5].
These methods primarily aim at suppressing late re-
flections, i.e. the latter parts of the reverberation,
which are the most detrimental to ASR performance
[6]. The critical assumption behind these studies
is that the energy density of the room impulse re-
sponse may decay exponentially. Late reflections are
blindly estimated based on this simple model, and
then removed by using Spectral Subtraction (SS) [7].
SS can be used because we can assume the target
signal (direct signal and early reflections) and in-
terference (late reflections) to be uncorrelated [8].
The remaining early reflections may not greatly af-
fect the state-of-the-art ASR, because they can be
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well handled with such techniques as Cepstral Mean
Subtraction (CMS) [9]. Such dereverberation meth-
ods appear computationally simple and relatively ro-
bust to noise. However, since reverberation cannot
be well-represented solely with such a simple model,
i.e. an exponential decay model, the dereverbera-
tion performance is relatively poor, thus the ASR
performance cannot be restored to the level of clean
speech recognition.

In a previous study, we proposed a novel single chan-
nel dereverberation method that estimates the late
reflections based on the concept of the inverse fil-
tering, and performs SS to remove late reflection
energy [10]. The estimation of late reflections was
carried out with multi-step Linear Prediction (LP)
[11]. By incorporating the mathematical formula-
tions used in the inverse filtering into the estimation
of the late reflection energy, the method is expected
to suppress late reflection more effectively and keep
the early reflections unchanged for subsequent CMS.
Moreover, by excluding the phase information from
the dereverberation operation as in [4],[5], the pro-
posed method provides a robustness to certain errors
that conventional sensitive inverse filtering methods
cannot achieve. However, this 1-ch method could
not appropriately handle a non-minimum phase im-
pulse response [12], which is often the case in real
reverberant environments. Consequently the perfor-
mance is degraded, especially when the distance be-
tween the speaker and the microphone is relatively
large.

In this paper, we extend the above-mentioned al-
gorithm to a multi-channel scenario with a view
to tackling more realistic situations, i.e. speech
recorded in a reverberant room with distant micro-
phones. By employing the multi-channel multi-step
LP that can appropriately deal with non-minimum
phase room impulse responses [12], we expect to es-
timate the late reflections more accurately, and fur-
ther improve ASR performance.

2. MODEL OF OBSERVATION PROCESS

We consider the acoustic system shown in Fig 1. By
denoting the observed signal as x(n), the Sylvester
matrix of multi-channel room impulse responses as
H, and the source signal as s(n), the observation
process can be formulated as:

x(n) = Hs(n), (1)

Fig. 1: Acoustic system: s(n) is a source signal.
hm(z) is the room transfer function between the
speaker and the m-th microphone. xm(n) is a signal
observed at the m-th microphone.
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[·]T stands for the matrix transpose. The suffix m
represents the signal at the m-th microphone. M
is the number of microphones. The room impulse
responses are assumed to be time-invariant.

3. PROPOSED DEREVERBERATION ALGO-
RITHM

In this section, we explain the basic idea of the pro-
posed dereverberation method. We first present our
proposed algorithm for a case where s(n) is white
noise. Then, we extend it to deal with a colored
source such as speech.

3.1. White source case

3.1.1. Multi-channel multi-step linear prediction

Here, to estimate late reflections based on observed
multi-channel signals, we introduce multi-channel
multi-step LP [11]. Let L be the number of fil-
ter coefficients for each channel, D be the step size
(' 30ms) 1, and M be the number of microphones,
then the multi-channel multi-step LP is formulated

1A delay D is introduced to allow us to disregard the in-
fluence of the early reflections [10]
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as follows:

xi(n) =
M∑

m=1

L∑
p=1

wm,i(p)xm(n− p−D) + ei(n),

(i = 1, 2 · · ·M) (2)

where wm,i(n) represents the prediction coefficients
at the m-th microphone when we use the observed
signal at the i-th microphone xi(n) as the predic-
tion target, and ei(n) as the prediction error. The
multi-channel multi-step LP calculates the late re-
flection component within xi(n). In this algorithm,
we assume that the room transfer functions share no
common zeros. The prediction coefficients wm,i(n)
can be estimated by minimizing the mean square
energy of the prediction error ei(n). Using a ma-
trix notation, the minimization of the mean square
energy of ei(n) leads to the following equation:

E{x(n−D)xT (n−D)}︸ ︷︷ ︸
R

wi = E{x(n−D)xi(n)}︸ ︷︷ ︸
ri

,

(3)

where

wi = [w1,i(1), · · · , w1,i(L− 1), · · ·
wM,i(1), · · · , wM,i(L− 1)],

E{·} represents the time average. R corresponds to
the correlation matrix of the observed signal and ri

to the correlation vector. Thus, wi can be obtained
as:

wi = R+ri, (4)

(·)+ indicates the Moore-Penrose pseudo-inverse.
We use the algorithm proposed in [13] to solve eq. (4)
efficiently.

3.1.2. Late reflection estimation and removal

The late reflection component at the i-th micro-
phone, li(n), can be estimated by filtering the ob-
served signals x(n) with the prediction filter wi as:

li(n) = xT (n)wi. (5)

Then we subtract the estimated late reflection li(n)
from the observed signal at the i-th microphone in
the power spectral domain to obtain the estimate of
clean speech, ŝ as:

|F [ŝ(n)]|2 = |F [xi(n)]|2 − |F [li(n)]|2, (6)

where F [·] corresponds to the short-time Fourier
transform (STFT).

Now, let us examine the precision of the late reflec-
tion estimation. First, from eq. (4), we can obtain

the following equation by making a similar calcula-
tion to that in [14].

wi = (HT )+hlate,i, (7)

where

hlate,i =
[
hi(D), hi(D + 1), · · · , hi(T − 1), 0, · · · , 0

]T
.

When H is full column rank, using eq. (7), we can
develop eq. (5) as:

xT (n)wi = sT (n)HT wi,

= sT (n)HT (HT )+hlate,i, (8)
= sT (n)HT H(HT H)−1hlate,i, (9)
= sT (n)hlate,i. (10)

Equation (10) simply indicates that the late reflec-
tions can be precisely estimated.

3.2. Colored source case

Here we consider the case of colored source such as
a speech signal. Let us assume that a source signal
s(n) is modeled by an autoregressive (AR) process
α(n) applied to white noise u(n) as:

s(n) =
q∑

k=1

α(k)s(n− k) + u(n), (11)

Eq. (11) indicates that, when considering colored
sources, wi shown in eq. (7) would include not only
the effect of the room impulse responses but also
that of the source AR process. In this case, the late
reflections may not be estimated accurately.

To cope with this problem, we suggest that pre-
whitening should be performed before multi-step LP
in order to remove the error introduced by α(n) in
wi. In this paper, this pre-whitening was accom-
plished by using small order LP (' 20 taps), because
we assume that the order of α(n) is also generally
about 20 taps.

In addition to the pre-whitening, the introduction
of a delay D in multi-step LP also works to cope
with colored source. In this paper, D is set at 360
taps, which we think is much larger than the order
of α(n). If D is sufficiently larger than the order of
α(n), this process hardly causes any distortion in the
direct signal. This means that the original feature of
the target signal would be well preserved even after
the subtraction of late reflections. By incorporating
pre-whitening and a delay in LP, we can also achieve
good dereverberation with a colored source.

3.3. Schematic processing diagram

Figure 2 is a schematic diagram of the proposed
method. Note that the duration of the input sig-
nal for this system has to be long enough for the
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Fig. 2: Schematic diagram of multi-channel imple-
mentation

estimation of the prediction filter wi, i.e. one ut-
terance long. First, pre-whitening is applied to the
observed signals x(n). Using pre-whitened signals
instead of observed signals in eq. (4), we calculate
the prediction filter wi. Next, we estimate the late
reflections li(n), using wi and the observed signal
as in eq. (5). Then we divide li(n) and xi(n) into
short-time frames with hamming windows, and cal-
culate their power spectrum via STFT. Now, we sub-
tract the power spectrum of the late reflections from
that of the observed signal. The resultant spectrum
is converted back to the time domain via inverse
STFT (denoted as “inv. STFT” in the figure) and
the overlap-add technique. To synthesize the time
domain signal, we used the phase of the observed
signals. This dereverberation procedure is repeated
for all microphone signals (i = 1, 2 · · ·M). Finally,
to further utilize the acoustic diversity provided by
the multi-channel inputs, we incorporate the con-
cept of the delay-sum beamformer [15]. We adjust
the delays among the output signals and calculate
their sum to obtain the resultant signal. The delays
can be estimated, for example, based on the cross-
correlation of the output signals. By employing the
fast algorithm such as [16][13] for matrix inversion,
whole process could work below a real-time factor of
1.

4. EVALUATION OF DEREVERBERATION
PERFORMANCE IN TERMS OF ASR SCORE
In this section, we perform the dereverberation of
speech recorded in a reverberant chamber, and com-
pare the performance with the 1-ch algorithm [10].

4.1. Experimental conditions

4.1.1. Reverberation condition

Figure 3 summarizes the experimental setup. The
conventional 1-ch method employed the microphone
illustrated with the solid line, while the proposed
method employed 3 extra microphones indicated
with dotted lines. Each microphone was equally
spaced at a distance of 0.2 m. We recorded the re-
verberant speech for 4 different speaker positions,
with distances of 0.5, 1.0, 1.5 and 2.0 m between

Fig. 3: Experimental setup

the reference microphone and the speaker. For each
gender, one hundred Japanese sentences taken from
JNAS database were played through a BOSE 101VM
loudspeaker, and recorded using SONY ECM-77B
omni-directional microphones with a sampling fre-
quency of 12 kHz. The SNRs of the recordings were
about 15 to 20 dB, and the RT60 reverberation time
was about 0.5 sec. We applied high-pass filtering
to the recordings before the dereverberation process
to suppress the unwanted background noise, which
was mainly concentrated below 200 Hz. After the
high-pass filtering, the SNRs were about 30 dB. As
a control, we also recorded the same utterances in a
non-reverberant condition with a close microphone
using the same experimental equipment.

4.1.2. ASR condition

The Japanese Newspaper Article Sentences (JNAS)
corpus was used to investigate the effectiveness of
the proposed method as a preprocessing algorithm
for ASR. The ASR performance was evaluated in
terms of word error rate (WER) averaged over gen-
ders and speakers. In the acoustic model, we used
the following parameters : 12 order MFCCs + en-
ergy, their ∆ and ∆∆, 3 state HMMs, and 16 mix-
ture Gaussian distributions. The model was trained
on clean speech processed with CMS. The language
model was a standard trigram trained on Japanese
newspaper articles written over a ten-year period.
The average duration of the test data was about 6
sec.

4.1.3. Parameters for dereverberation

The filter length L and the step-size D in eq. (2) for
multi-step LP were 750 and 360, respectively. For
the conventional 1-ch method, we used a filter length
of 750 taps× 4 mics = 3000 taps. For multi-channel
pre-whitening, we used a 20th order LP filter, which
we calculated similarly to the approach described in
[17]. No special parameters such as over-subtraction
parameters or smoothing parameters were used for
spectral subtraction. The length of the hamming
window for DFT was 360 (=30 ms), and overlap-
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Fig. 4: Spectrograms in a reverberant environ-
ment when the distance between the microphones
and speaker is set at 1.5 m: (A) clean speech, (B)
recorded reverberant speech, (C) speech processed
with the conventional algorithm [10], and (D) speech
processed with the proposed 4-ch algorithm.

ping rate was 1/8. The dereverberation was per-
formed utterance by utterance, which means that
the length of the observed data used to estimate the
LP coefficients Wi is equivalent to the duration of
each input utterance.

4.2. Spectrogram improvement

Figure 4 shows a spectrogram of clean speech, rever-
berant speech recorded at a distance of 1.5 m, speech
dereverberated by the conventional 1-ch algorithm,
and speech dereverberated by the proposed 4-ch al-
gorithm. All the speech is processed with CMS. We
can clearly see the effect of the proposed method.

4.3. Dereverberation effect on ASR

Figure 5 shows the WER as a function of the dis-
tance between the microphone and the speaker.
In the figure, “no proc.” corresponds to the ob-
served speech processed with CMS, “1 ch derev.”
to speech dereverberated with the conventional 1-ch
algorithm, “4 ch derev.” to speech dereverberated
with the proposed 4-ch algorithm. In this experi-
ment, the baseline performance was 4.9 %, which is
the WER obtained with recordings made in a non-
reverberant condition.

As expected, the 1-ch algorithm could not perform
well when the distance between the speaker and the
microphone was large, while the proposed 4-ch al-
gorithm achieved a relatively stable performance for

Fig. 5: Recognition experiment in reverberant en-
vironment: Recognition performance as a function
of the distance between the microphone and the
speaker

all reverberant conditions. The results indicate that
the proposed method works well even in a severe
reverberant environment.

5. SUMMARY

In this paper, we proposed a dereverberation method
that primarily aims at suppressing late reflections
that are found to be most detrimental to ASR per-
formance. The proposed method first estimates late
reflections using multi-channel multi-step linear pre-
diction, and then suppresses them with subsequent
spectral subtraction. Experimental results showed
that the proposed method could achieve good dere-
verberation with an amount of observed data corre-
sponding to the duration of one speech utterance,
and could significantly improve the ASR perfor-
mance even in a severe reverberant environment.
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