
Model-Based Dereverberation of Single-Channel Speech Signals

Markus Buck, Arthur Wolf

Harman/Becker Automotive Systems GmbH, 89077 Ulm, Germany, Email: {mbuck,awolf}@harmanbecker.com

Introduction

In closed rooms reverberation may drastically decrease
speech intelligibility as well as performance of speech
recognition systems. The classical approaches to counter-
act this problem is to dereverberate the signal by inverse
filtering. These methods however lack robustness since
precise estimates of the unknown channel are required.
Another approach is to suppress reverberation compo-
nents by dynamic spectral weighting. For estimating the
power spectral density of the reverberant signal compo-
nent a simple model can be applied [1]. Derivatives of this
basic approach have been proposed in the time domain
[2] and in the frequency domain [3]. In this contribution
a more elaborate method for estimating the power spec-
tral density of the reverberant signal is presented which
incorporates the principles of room acoustics in a more
adequate way.

Model for the Late Reverberation Energy

In the short-time frequency domain the microphone sig-
nal Y (ejΩμ, k) may be modeled as a sum of the direct
sound component S(ejΩμ, k) and the reverberation com-
ponent R(ejΩμ, k):1

Y (ejΩμ, k) = S(ejΩμ, k) + R(ejΩμ, k) . (1)

k denotes the frame index and Ωμ are the frequency sup-
porting points. For most rooms the energy of the late
reverberation decays exponentially over time [4] as can
be observed in the energy decay curves in Fig. 1. There-
fore, the estimation of the power spectral density of the
reverberation component Srr(Ωμ, k) is performed using
the following decay model:

G(Ωμ, k) ≈

{
0 , for k ≤ 0 ,

A(Ωμ) · e−γ(Ωμ)k , for k > 0 .
(2)

The parameter γ(Ωμ) denotes the steepness of the tempo-
ral decay and is therefore associated with the reverbera-
tion time T60 [4]. It depends mainly on room parameters
like room size or sound absorption at the walls. The pa-
rameter A(Ωμ) accounts for the ratio of the reverberation
power to the total signal power and depends mainly on
the distance of the speaker relative to the microphone.

Algorithm

Estimation of the Reverberation Energy

Based on this model the power spectral density of the
reverberation can be approximated by convolution:

Srr(Ωμ, k) ≈

∞∑
n=1

Sss(Ωμ, k−n)A(Ωμ) e−γ(Ωμ)n . (3)

1A noise component is not considered in this contribution.
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Figure 1: Energy decay curves measured in the same room

with different speaker distances.

According to [4] the first 50ms of a room impulse re-
sponse increase the intelligibility of speech, whereas the
opposite is true for the late reverberation. Therefore,
the first D frames are excluded from the estimation.
Since the power spectral density of the clean speech sig-
nal Sss(Ωμ, k) is practically not available, the squared
magnitude of the microphone signal Y (ejΩμ, k) is taken
as an approximation. Furthermore, a computationally
efficient estimation is achieved by transforming Eq. 3 to
its recursive equivalent:

Ŝrr(Ωμ, k) = Ŝrr(Ωμ, k−1) e−γ(Ωμ)

+
∣∣Y (ejΩμ, k−D)

∣∣2 A(Ωμ) e−γ(Ωμ)D.
(4)

The first term in Eq. 4 describes the decay of the exist-
ing reverberation energy whereas the second term com-
prises new contributions to the reverberation energy. In
contrast to [1, 2, 3] where only an attenuated temporal
translation is done the present approach models the re-
verberation decay in a more adequate way.

Reverberation Reduction

The dereverberation is accomplished by spectral weight-
ing of the input signal

Ŝ(ejΩμ, k) = H(ejΩμ, k) · Y (ejΩμ, k) , (5)

where the filter coefficients are calculated by

H(ejΩμ, k) = 1−

√
|Y (ejΩμ, k)|2

Ŝrr(Ωμ, k)
. (6)

Here, the magnitude filter characteristics is applied. Of
course other characteristics for spectral subtraction are
possible instead (see for instance [5]).

DAGA 2008 - Dresden

261



Parameter Estimation

Whereas the delay D is set to a fixed value, the decay rate
γ(Ωμ) and the reverberation-to-signal ratio A(Ωμ), both,
have to be estimated adaptively since these model pa-
rameters depend on the acoustic environment as pointed
out above. For hands-free speech front-ends comprising
an acoustic echo-canceler the decay rate γ(Ωμ) can be
extracted from the converged filter coefficients as they
also describe the energy decay over time. However, the
reverberation-to-signal ratio that corresponds to the es-
timated impulse response cannot be used since the posi-
tions of the loudspeaker and the person do not need to
agree. In this contribution an elegant but cheap method
to estimate the parameter A(Ωμ) is presented.

First, similar to Eq. 3 a preliminary estimate for the re-
verberation is processed with A(Ωμ) = 1:

S̃rr(Ωμ, k) = S̃rr(Ωμ, k−1) e−γ(Ωμ)

+
∣∣Y (ejΩμ, k−D)

∣∣2 e−γ(Ωμ)D.
(7)

The ratio of the input signal power to this estimate

Q̂A(Ωμ, k) =
|Y (ejΩμ, k)|2

S̃rr(Ωμ, k)
(8)

takes its minimum value in short speech pauses when the
input signal consists of only reverberation: Y (ejΩμ, k) =
R(ejΩμ, k). Such pauses often occur even inside words.

Since in these pauses the estimate Ŝrr(Ωμ, k) has
to conform to the true reverberation and considering
Ŝrr(Ωμ, k) = A(Ωμ) · S̃rr(Ωμ, k), the minimum value of

Q̂A(Ωμ, k) equals the desired value of A(Ωμ). In practi-
cal applications the parameter A(Ωμ) depends on time k

due to speaker movement. Thus, the minimum operation
is extended by a temporal increase with factor (1+ε)

Â(Ωμ, k) = min
{
(1+ε) Â(Ωμ, k−1), Q̂A(Ωμ, k)

}
. (9)

Results

In Fig. 2 short-time spectra of the direct path microphone
signal, the reverberated microphone signal and the pro-
cessed signal are depicted. The smearing along the time
axis is obviously reduced by the proposed algorithm while
the speech is distorted only marginally. Informal listen-
ing tests confirm this result.

The proposed system was evaluated for speech recogni-
tion with Lombard speech data and impulse responses
measured in a living room (T60 ≈ 500ms). The results
for the unprocessed microphone signals are marked with
circles on the left-hand side of Fig. 3. The proposed al-
gorithm (”adaptive A”) improved the word error rate by
about 50 percent relatively. Additionally, results for dif-
ferent predefined fixed values of the parameter A(Ωμ)
(”fixed A”) are shown.

Conclusions

In this contribution a simple but effective method for
suppressing reverberation in speech signals has been
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Figure 2: Short-time signal spectra for a clean, a reverberant

and a processed signal.
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Figure 3: Results of automatic speech recognition.

presented. An elegant method for estimating the
reverberation-to-signal ratio which is a parameter of the
underlaying model has been proposed. It has to be em-
phasized that in contrast to the known literature the es-
timation of the reverberant signal power is realized by
a recursive formula in order to represent the real energy
decay adequately. The proposed system shows consider-
able enhancements in signal quality and speech recogni-
tion performance and has proven to be robust in various
environments.
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