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Abstract
The echo effect due to late reverberation can severely degrade
speech quality and intelligibility. Prior attempts to reduce this
degradation in the modulation domain used time-invariant fil-
tering. In this paper, we show that performing minimum mean
squared error spectral estimation in the modulation domain
(MDMMSE) can significantly reduce the severity of audible
reverberation and enhance the listening speech quality. More-
over, MDMMSE outperforms modulation domain spectral sub-
traction (SS) as well as performing MMSE spectral estimation
or SS in the acoustic domain. In informal subjective listening
tests, MDMMSE exhibits less residual echoes and artifacts than
the other three methods.

Index Terms: Speech enhancement, dereverberation, modula-
tion domain, MMSE, late reverberation reduction

1. Introduction
It is well known that an acoustically propagated speech signal
in an enclosure is distorted by reflections from walls and ob-
jects. This reverberation distortion decreases the subjective lis-
tening quality and intelligibility of the speech signal, increas-
ingly with the distance of the listener from the sound source.
Though multiple microphone dereverberation can significantly
ameliorate the reverberation degradation [1], there are situa-
tions where only one microphone is available. Thus, various
single-microphone dereverberation algorithms have been pro-
posed [2]-[8]. Some of these techniques comprise two stages of
processing, with one stage ameliorating the effect of early re-
verberation and the other dealing with late reverberation. In all,
these dereverberation algorithms can be classified into two cat-
egories: reverberation suppression and reverberation cancela-
tion. Reverberation cancellation, also known as blind deconvo-
lution, aims to equalize the room impulse response (RIR). Re-
verberation cancellation is mainly effective in cancelling early
reverberations. Reverberation cancellation is reported either un-
able to improve speech quality [8] or can only be applied to
small reverberation times (RTs) [6].

Reverberation suppression, on the other hand, views late
reverberation as additive noise, and aims to suppress it as done
in noise reduction. Reverberation suppression can be imple-
mented in either the acoustic frequency domain or modulation
frequency domain. Acoustic frequency domain is defined as
the short time Fourier transform (STFT) domain of a speech
signal, while modulation frequency domain is defined as the
STFT domain of the time trajectory of an acoustic frequency
domain component, for a fixed acoustic frequency bin. Acous-
tic frequency domain speech signal analysis, modification, and
synthesis is the most common method for speech enhancement.
Several recently proposed single-channel dereverberation meth-
ods, such as [3, 5], are based on this scheme. On the other hand,

psychoacoustic and physiological evidence has shown a con-
nection between modulations and speech intelligibility [9], and
algorithms [10, 11] using time-invariant filtering along the time
trajectory of STFT components have been proposed. These al-
gorithms tried to restore the modulation magnitude spectra of
the clean speech signal; however, little quality or intelligibil-
ity improvement was reported. However, for denoising, recent
modulation domain algorithms show improved speech quality
[12, 13, 14].

We observe that while previous modulation domain dere-
verberation algorithms [10, 11] use time-invariant filtering,
many denoising (“speech enhancement”) algorithms [15] track
the spectral signal-to-noise ratio and hence are inherently time-
varying. In this paper, we investigate whether modulation
domain enhancement can provide better speech quality than
acoustic domain enhancement. Specifically, we employ two
speech enhancement methods, minimummean squared error es-
timation (MMSE) and spectral subtraction (SS), and compare
the speech quality obtained from suppressing late reverbera-
tion in the acoustic domain versus modulation domain. The
rest of this paper is organized as follows: In Section 2, we es-
tablish the relative significance of (suppressing) early and late
reverberation. In Section 3, we present our modulation domain
MMSE dereverberation algorithm (MDMMSE). Section 4 gives
the algorithm parameter selection results obtained using infor-
mal subjective listening tests. Section 5 uses objective measures
and subjective listening tests to assess the speech quality ob-
tained from the four dereverberation algorithms. Conclusions
are drawn in section 6.

2. Perceptual effects of RIR components
In this section, we use informal subjective listening and an ob-
jective speech quality measure to evaluate the subjective listen-
ing effects of different RIR components, in order to establish the
relative impacts of late reverberation versus early reverberation.

2.1. Time domain reverberation model

In a reverberant room, the reverberated speech signal z(n) is
modeled as produced by the convolution of the clean speech
signal s(n) and RIR h(n)

z(n) =

Q−1∑

i=0

h(i)s(n− i), (1)

whereQ is the length of h(n). The RIR depends on the acoustic
conditions of the room and contains all the directly propagated
and reflected pulses from the sound source to the reception
point. For analyzing the listening effects, the RIR can be par-
titioned into three components: the direct signal, early reflec-
tions, and late reflections. The direct signal travels along the di-
rect path from the speech source to the listener. The early reflec-
tions are the pulses that arrive within 50 ms after arrival of the
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Figure 1: Average PESQ score for a reverberated speech dataset
with variable source microphone distance and fixed RT=600 ms.
direct signal. Early reflections are known to cause short-term
reverberation or “coloration” effects. Late reflections, which ar-
rive at times greater than 50 ms past the direct pulse, smear the
speech spectrum and may severely reduce speech quality and
intelligibility. Late reflections cause the so-called long-term re-
verberation or echo effect.

It is mentioned in [16] that early reflections can effectively
boost signal energy as well as emphasize modulation frequency
content around 4 Hz, thus they do not degrade intelligibility. In-
deed, several dereverberation algorithms [2, 3, 5] only suppress
late reverberation. However, other dereverberation algorithms
suppress both early and late reverberation, such as [6, 7]. Below,
we seek to clarify the subjective effects of early and late reflec-
tions, and whether early reverberation suppression is needed.
An experiment is designed to assess the subjective listening ef-
fects of different RIR components.

2.2. Speech quality of different RIR components

Three modified and the original RIRs are used in this exper-
iment. The first RIR comprises the direct path impulse and
early reflections. The corresponding convolved speech signal
is called coloration corrupted signal. The second RIR is com-
posed of the direct path impulse and late reflections. The cor-
responding convolved speech is named echo corrupted signal.
The third RIR is composed of a modified direct path impulse
and the late reflections. The modified direct path impulse has
the energy of the sum of the original direct path impulse and
early reflections. The corresponding convolved signal is called
modified echo corrupted signal. A reverberated speech dataset
is created by convolving image method [17] generated RIRs
(and their modifications) with Wall Street Journal November 92
(WSJ) clean speech data set. The WSJ data set consists of 330
sentences, uttered by eight different speakers, both male and fe-
male, and is sampled at 16 kHz. Perceptual evaluation of speech
quality (PESQ) score [18] is used as an objective measure (on 8
kHz downsampled speech), and the average PESQ score over
the whole dataset is plotted in Fig. 1 for increasing source-
microphone distance dsm, when RT is 600 ms. Fig. 1 shows that
late reverberation degrades speech quality more severely than
early reverberation. The fact that echo corrupted speech per-
forms somewhat poorer than reverberated speech when source-
microphone is larger than 50 cm shows the role of early re-
verberation in boosting reverberated speech quality. The gap
between the modified echo corrupted speech and the echo cor-
rupted speech provides an upper bound on the performance of
doing early reverberation equalization. Informal subjective lis-
tening supports the PESQ objective test results in Fig. 1, specif-
ically the quality ranking of the four RIRs and the trends as a
function of dsm.

On one hand, it is shown that echo corrupted speech has

worse quality than reverberated speech for relatively large dsm,
which not only corroborates the claim in [16], but also demon-
strates that just removing coloration and not suppressing late
reverberation actually will decrease speech quality. Compared
with reverberated speech, the maximum quality improvement
given by the modified-echo upper bound is modest, in compar-
ison with the potential maximum quality gain that could be ob-
tained from suppressing late reverberation. Without the echo
part, the coloration part will decrease speech quality to some
extent. The above results suggest that only when the degrada-
tion due to late reverberation is sufficiently ameliorated, equal-
ization of early reverberation becomes gainful. Since late re-
verberation is the crucial part degrading speech quality and its
dominance increases with RT, we propose a RT adaptive late
reverberation reduction algorithm.

3. Modulation domain dereverberation
In this section, we lay out the processing steps of our MD-
MMSE dereverberation algorithm. Our modulation domain
spectral subtraction (MDSS) dereverberation algorithm is de-
scribed in [19].

3.1. Modulation domain dereverberation scheme

The processing steps applied to reverberated speech z(n) are
shown in Fig. 2. First, z(n) is windowed by an acoustic
analysis window. A K-point DFT is then taken and the out-
puts are acoustic domain spectral magnitude Zp,k = |zp,k|
(p = 1...P, k = 1...K) and phase ∠Zp,k. Here p indexes
the acoustic domain windowed speech frame and k the DFT
coefficients. Along p, the Zp,k’s are then windowed by an
modulation analysis window. An M-point DFT is taken and
the modulation domain spectral magnitude Zj,k,m is input to
a late reverberation spectral variance (LRSV) estimation mod-
ule. Here j indexes the modulation analysis window frames, k
the acoustic domain DFT coefficients, and m the modulation
domain DFT coefficients. The estimated LRSV σ2

lj,k,m
and

Zj,k,m are input to a MMSE estimator to estimate the modu-
lation magnitude spectral component of the early reverberated
speech Ẑej,k,m = |ẑej,k,m |. Then, Ẑej,k,m and the unmodified
modulation spectral phase of the reverberated speech ∠zj,k,m
are input to an M-point IDFT and further windowed by a modu-
lation synthesis window. Overlap-and-add is used to reconstruct
the enhanced acoustic magnitude spectrum Ẑep,k . Ẑep,k and
the unmodified acoustic spectral phase ∠Zp,k are then input to
a K-point IDFT before windowed by an acoustic synthesis win-
dow. Overlap-and-add is used to reconstruct the final enhanced
signal ẑe(n), an estimate of the early reverberated speech sig-
nal. In our experiments, a square-root Hann window is used
throughout.

3.2. MMSE estimation in the modulation domain

We treat the MMSE estimation of the magnitude spectrum in
the modulation domain similarly to the MMSE spectral estima-
tion problem in [20], except that a second frequency dimension
(modulation frequency dimension) is introduced. As such, the
estimate of the magnitude spectrum in the modulation domain,
Ẑej,k,m can be computed as:

Ẑej,k,m = Gj,k,mZj,k,m. (2)
Here,Gj,k,m is the gain function in the modulation domain, and
can be computed as:

Gj,k,m =

√
π

2

√
vj,k,m

γj,k,m
Λ[vj,k,m], (3)

3240



z(n)

Acoustic domain window

Acoustic domain K-DFT

zp(n)

Modulation domain window

Modulation domain M-IDFT

MMSE estimation

Modulation domain M-DFT

Modulation domain window overlap and add

Acoustic domain K-IDFT

Acoustic domain window overlap and add
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Figure 2: Modulation domain dereverberation scheme.

in which
Λ[θ] = exp(−θ

2
)[(1 + θ)I0(

θ

2
) + θI1(

θ

2
)], (4)

and
vj,k,m =

ξj,k,m
1 + ξj,k,m

γj,k,m. (5)

Here, I0(.) and I1(.) are the zeroth and first order modified
Bessel functions. ξj,k,m and γj,k,m are a priori and a poste-
riori SNRs, which are defined as:

ξj,k,m =
E[|Zej,k,m |2]
E[|Zlj,k,m

|2] , (6)

and
γj,k,m =

|Zj,k,m|2
E[|Zlj,k,m

|2] , (7)

where E[|Zlj,k,m
|2] is the noise variance we call LRSV. An es-

timate of LRSV, σ2
lj,k,m

is obtained using the method described
in Sec. 3.3 below. The a posteriori SNR can be estimated as:

γ̂j,k,m =
|Zj,k,m|2
σ2
lj,k,m

. (8)

The a priori SNR ξj,k,m is estimated by the ”decision-directed”
method as:

ξ′j,k,m = α
|Ẑej−1,k,m |2]
σ2
lj−1,k,m

+ (1− α)max[γ̂j,k,m − 1, 0]. (9)

Here, α is a tradeoff parameter between late reverberation re-
duction and transient distortion [20]. A lower bound is used to
prevent the a priori SNR from falling below a prescribed value:

ξ̂j,k,m = max[ξ′j,k,m, ξmin]. (10)

3.3. Model based estimation of LRSV

In [2], a statistical model for the RIR is proposed and used to
derive a LRSV estimator. Subsequently, [5] derived a refined
LRSV estimator which reduces the estimation error when the

source-to-microphone distance is less than the critical distance,
or equivalently, the direct-to-reverberation ratio (DRR) greater
than 0 dB. The estimators of [2] and [5] operate on acoustic
spectral data of the reverberated signal. In this work, we adopt
the approach of [2] and [5] to the modulation domain, i.e., mod-
ulation spectral samples of reverberated speech Zj,k,m are mod-
eled as resultant from the convolution of a modulation-subband
impulse response hj,k,m and the modulation spectral samples
of anechoic speech sj,k,m:

zj,k,m =
∑

j′
sj′,k,mhj−j′ ,k,m = sj,k,m ∗ hj,k,m. (11)

Similar to the acoustic frequency domain RIR model [5], mod-
ulation domain RIR hj,k,m is modeled as:

hj,k,m =

{
Bdk,m

j = 0;

Brj,k,me−vk,mjTMFS j > 0.
(12)

Here, Bdk,m
and Brj,k,m are assumed to be zero mean inde-

pendent Gaussian random variables, with variance σ2
dk,m

=

E{|Bdk,m
|2} and σ2

rk,m
= E{|Brj,k,m |2}. TMFS is the mod-

ulation frame shift in seconds. vk,m, the decay rate, depends
on the RT T60(k,m) (seconds) in acoustic frequency bin k and
modulation frequency binm as:

Δk,m =
3ln10

T60(k,m)
(13)

We assume the distance between the source and microphone
is larger than the critical distance and the energy of the direct
path impulse is small compared to the total energy of the other
reflections. Thus, we can assume σ2

rk,m
= σ2

dk,m
. Similar to

the LRSV estimation in the acoustic frequency domain [2], the
relation between spectral variance of the reverberated speech
σ2
j,k,m = E{|zj,k,m|2} and that of late reverberation speech

σ2
lj,k,m

= E{|zlj,k,m
|2} in the modulation domain is given as:

σ2
lj,k,m

= e−2Δk,mTlσ2
j−Jl,k,m

. (14)
Here, Tl is the time interval that separates early reflections from
late reflections, and is 50 ms in this experiment. Jl is the frame
number corresponding to Tl and is equal to int( Tl

TMFS
+ 0.5).

The spectral variance of reverberated speech σ2
j,k,m is ob-

tained recursively from Z2
j,k,m as:

σ2
j,k,m = κσ2

j−1,k,m + (1− κ)Z2
j,k,m. (15)

The value of the smoothing factor κ is optimized using subjec-
tive listening, as described below. For LRSV estimation, we as-
sume that the required RIR parameters can be blindly estimated.
[21] proposes blind estimators (assessed in [22]) of RT using
modulation spectral features of reverberated speech. Hence,
these estimators can exploit the modulation analysis computa-
tion in the proposed dereverberation algorithm. For the rest of
this paper, the acoustic domain RT estimated from the RIR is
used for all the subband RT parameters.

4. Algorithm parameter tuning
We used informal subjective listening to optimize the MD-
MMSE algorithm parameters, which include the modulation
domain frame length TMFL, modulation frame shift TMFS ,
decision-directed smoothing parameter α, a priori SNR lower
bound ξmin, and smoothing parameter κ. Our listening experi-
ments show that TMFL = 128 ms, TMFS = 8 ms, α = 0.998,
ξmin = −15 dB, and κ = 0 give the best subjective listen-
ing quality. When TMFL > 128 ms, the speech becomes
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more slurred. When TMFL < 128 ms, the speech tends to
have more distortion, and this distortion becomes obvious when
TMFL = 32 ms. TMFS is selected as 8 ms, as that can give a
relatively accurate estimate of LRSV in (14), in which Jl = 6.
Different from acoustic domain LRSV estimation [5], κ = 0
gives the best subjective listening quality. When κ > 0 is used,
more residual reverberation is heard. This is likely due to the
smoothing effect of the longer frame used in the modulation
domain processing.

5. Experiments
5.1. Databases

Two clean speech datasets and RIR datasets are used in our
experiments. The first clean speech dataset consists of 128
clean speech files, spoken by two male and two female sub-
jects. Reverberated speech datasets are generated by corrupting
the clean speech dataset using the SImulation of REal ACous-
tics (SIREAC) tool [23], with RT values ranging from 0.5-2 s
provided by the tool. The speech files originally sampled at 16
kHz are downsampled to 8 kHz due to PESQ algorithm restric-
tion. The second clean speech dataset is the afore-mentioned
WSJ data set. Reverberated speech data sets are generated by
convolving clean speech files with the Aachen RIR data set us-
ing an ITU-T G.191 tool. The Aachen data set [24] comprises
binaural RIRs measured in various enclosures, including an of-
fice, lecture room, stairway, and auditorium (Aula Caronila).
The first channel of the binaural RIR is used in our experi-
ment. RT values are measured using the Schroeder method
[25]. Source-microphone distances are all larger than critical
distances in these two RIR data sets. All the clean and rever-
berated speech files are level-normalized to -26 dBov using the
P.56 voltmeter [26]. PESQ score is used as objective measure
to compare acoustic domain spectral subtraction (ADSS) [2],
acoustic domain MMSE (ADMMSE) [7], MDSS [19], and the
proposed MDMMSE algorithm. For ADSS, ADMMSE, and
MDSS, we use the same parameters as documented in the liter-
ature. Informal subjective listening is used to validate objective
measurement.

5.2. Experiment result

Fig. 3 shows the average PESQ scores of reverberated speech
for the first dataset and the dereverberated speech for the four
dereverberation schemes. It is shown that the modulation do-
main dereverberation algorithms generally perform better than
their acoustic domain counterparts. This improvement becomes
more obvious when RT becomes larger, and this is confirmed
by our subjective listening. However, our informal subjective
listening shows MDMMSE to sound better than MDSS, which
contradicts the PESQ test results.

Fig. 4 shows the objective measurement results of the sec-
ond data set. The highest objective score for each RIR is bold-
faced. Comparing the PESQ scores of reverberated speech for
the four enclosures, we see the PESQ scores drop as RT and
dsm increase. Despite that the auditorium has a much larger RT
and the speech sounds much more reverberant than the ones for
the office with the same dsm = 200 cm, their PESQ scores are
almost identical. The PESQ scores across different enclosures
do not correctly reflect the actual and relative subjective listen-
ing quality. When we compare the scores across the rows of the
table, we see quality improvement for all four dereverberation
algorithms and this is corroborated by the reduction of rever-
beration we hear in our subjective listening tests. PESQ scores
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Figure 3: Average PESQ score for various dereverberation al-
gorithms and RTs.
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Figure 4: Average PESQ score comparison of the dereverbera-
tion algorithms using RIRs in the Aachen data set [24].

also show that the modulation domain algorithms perform bet-
ter than the acoustic domain algorithms, especially for MDSS.
However, in our subjective listening tests, MDMMSE performs
consistently better than the other algorithms, even MDSS. For
enclosures with small RT, such as the office in [24], MDMMSE
performs slightly better than the other algorithms; MDMMSE
exhibits less residual reverberation and introduces less distor-
tion. This improvement becomes more pronounced for enclo-
sures with large RTs, such as the stairway and Aula Carolina in
[24]. One visible evidence in the waveforms is that MDSS dere-
verberated speech has longer residual reverberation tails at the
ends of talkspurts. ADMMSE dereverberated speech, on the
other hand, exhibits more audible fluctuating distortions than
MDMMSE dereverberated speech. This is probably partly due
to the larger modulation frame length (128ms) used in MD-
MMSE than the 32 ms acoustic frame length in ADMMSE.

6. Conclusion

Prior works on modulation domain dereverberation of speech
rely on time-invariant filtering. In this paper, we take a spec-
tral enhancement approach to suppressing late reverberation in
the modulation domain. Through informal subjective listening,
we found that our MDMMSE algorithm significantly reduces
the severity of audible reverberation and enhances the listen-
ing speech quality. Moreover, MDMMSE provides better dere-
verberated speech quality than MDSS, as well as MMSE and
SS dereverberation in the acoustic domain. We also found that
PESQ scores fail in various ways to provide reliable rating and
ranking of (de)reverberated speech quality. PESQ scores fail
to reflect the severity of audible late (residual) reverberation as
well as distortions induced by dereverberation algorithm pro-
cessing.
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