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Abstract 
Reverberation has a detrimental effect on speech perception 
both in terms of quality as well as intelligibility, as late 
reflections smear temporal and spectral cues. The ideal binary 
mask, which is an established computational approach to 
sound separation, was recently extended to remove 
reverberation. Experiments with both normal hearing and 
hearing impaired listeners have shown significant 
intelligibility improvements for reverberant speech processed 
using such a priori binary masks. The dereverberation problem 
can thus be formulated as a classification problem, where the 
desired output is the ideal binary mask. The goal in this 
approach is to produce a mask that selects the time-frequency 
regions where the direct energy dominates the energy from the 
late reflections. In this study, a binaural dereverberation 
algorithm is proposed which utilizes the binaural cues of 
interaural time and level differences as features. The algorithm 
is tested in highly reverberant environments using both 
simulated and recorded room impulse responses.  Evaluations 
show significant improvements over the unprocessed 
condition as measured by both a speech quality measure and a 
speech intelligibility predictor. 
 
Index Terms: Binaural processing, dereverberation, ideal 
binary mask 

1. Introduction 
 
In speech communication systems, room reverberation often 
leads to degradation of speech quality and intelligibility. A 
solution to the dereverberation problem can therefore 
positively impact many speech applications including hands-
free mobile devices as well as digital hearing aids. In this 
paper, we are specifically interested in a perceptually 
motivated binaural solution. 

Many methods have been previously proposed to deal 
with room reverberation (for a review see [1]). Both one 
microphone and multi-microphone systems have usually 
exploited the separation of room reverberation into the early 
and late reflection components. These algorithms employ a 
two-stage approach which comprises of inverse filtering or 
beamforming to remove the coloration due to early reflections 
followed by a post-filter or spectral subtraction operation to 
remove the smearing effects of late reverberation [2-3]. When 
applied to binaural hearing aid processing, it has been argued 
that a desirable property is the preservation of binaural cues to 
improve sound localization for the hearing impaired person 
[4]. To satisfy this property, Jeub et al. [5] have proposed a 
system based on a combination of spectral subtraction and 
Wiener-filtering that applies essentially the same weights at 
the two ears. A similar approach has been considered in [6] 

where the estimated spectral subtraction weights at the output 
of a delay-and-sum beamformer are applied in parallel to the 
two channels.  

The degradation in speech intelligibility due to 
reverberation has been recently addressed in [7-8] using a 
binary masking approach originally proposed in the 
computational auditory scene analysis (CASA) field for 
speech separation. Generally, given a two-dimensional time-
frequency (T-F) decomposition of an  acoustic mixture, 
comprising of the superposition of a  desired signal and a 
residual one, an ideal binary mask (IBM) can be constructed 
that uses a priori information to select only the T-F units 
where the desired signal energy exceeds the residual energy by 
a predetermined local threshold [9-10]. Since in reverberation 
the late reflections act essentially as a masking noise, the IBM 
definitions utilized in [7-8] have been parameterized by two 
variables: the local criterion (LC) and the reflection boundary, 
the division in time between early and late reflections. 
Processing using either the direct sound based IBM 
(considering direct sound as desired signal) or the early 
reflection based IBM (considering early reflections as desired 
signal) was shown to restore the intelligibility of reverberant 
speech for normal hearing listeners [8]. Moreover, it has been 
observed that the two masks exhibit comparable behavior as 
long as the shift in the effective SNR is accounted for in the 
local criterion threshold. Similar a priori binary masks have 
also produced significant intelligibility gains for cochlear 
implant listeners [11-12].   

While the above studies have shown the potential benefit 
of using binary masking to remove reverberation in highly 
reverberant conditions, the estimation of these binary masks is 
challenging and to this day largely uncharted (see [13] for an 
exception). Significant advances in the speech separation field 
have been achieved in the last decade by formulating ideal 
binary mask estimation as a classification problem. An early 
supervised classification method for IBM estimation was 
proposed in [14] (see also [15]). Capitalizing on the 
discriminative power of binaural cues in anechoic conditions, 
the system in [14] is able to segregate speech from binaural 
mixtures of multiple interferences. In this paper, we propose 
the use of a similar supervised classification approach for the 
purpose of binaural dereverberation. Location dependent 
classifiers are trained on binaural features to estimate the 
direct sound-based IBMs corresponding to the two ears. The 
resulting system shows significant improvements over the 
unprocessed condition as well as over a state-of-the-art 
dereverberation technique. 

Section 2 introduces the ideal binary mask definition for 
reverberant settings. The binaural classifier is detailed in 
Section 3. Section 4 presents the evaluation results of the 
proposed classifier along a comparison with the spectral 
subtraction based extension considered in [6]. Finally, 
conclusions and future work are given in Section 5. 
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2. Ideal binary masking in reverberation 
 
As seen above, the IBM definition in reverberation is 
parameterized by both the local criterion threshold and the 
reflection boundary [7-8]. Given a reflection boundary b, we 
define the desired signal associated with b as: 

 ��(�) = ℎ�(�) ∗ �(�),    (1) 

where �(�) denotes the (anechoic) target speech signal and 
ℎ�(�) denotes the part of the room impulse response between 
source and microphone up to the reflection boundary. The 
residual signal is then defined as: 

 ��(�) = 	(�) − ��(�),    (2)  

Where 	(�) denotes the mixture signal. Note that if no 
additional noise sources are present, which is the case 
considered here, the residual signal contains only the late 
reflections. The IBM parameterized by the reflection boundary 
b and the local criterion LC is defined as: 


���(, �) = �1, ��(, �) − ��(, �) > LC  
0,    otherwise                               ,         (3) 

where ��(, �) and ��(, �) denote the desired signal 
energy and residual signal energy in dB, respectively, in time 
frame m and frequency channel f of a T-F representation. It 
has been shown that with long reverberation times, 
intelligibility improvements are only obtained when the 
reflection boundary is less than100 ms [8]. 

A particular reverberant condition and reflection 
boundary give rise to a specific effective signal-to-noise ratio 
(SNR) defined as the overall ratio of desired energy to residual 
energy expressed in dB. The optimal range for LC values at 
which the binary mask achieves maximum intelligibility gains 
is a function of the effective SNR. Specifically, it has been 
shown that in order to preserve similar binary patterns across 
different boundary conditions a shift in the LC threshold is 
required equal to the corresponding change in effective SNR 
[8] (see also [16]). To account for this co-varying effect 
between LC and effective SNR, the LC is defined as the sum 
of a constant relative criterion RC and the effective SNR of the 
signal [8].  While the width of the optimal RC plateau varies to 
some degree with reverberation time, ideal binary masks 
obtained with RCs in the [-12 dB, -3 dB] range have resulted 
in ceiling intelligibility scores across a series of acoustical 
conditions [8]. An RC value of -9 dB has been used in all the 
experiments presented in this paper. 

In this study, we attempt to reconstruct the direct sound 
signal. Figure 1 illustrates the direct sound IBM for a 
reverberant speech signal. The reverberated signal has been 
simulated by convolving a male utterance with a measured 
binaural room impulse response from the Aachen Impulse 
Response (AIR) database [17]. Specifically, the left ear 
impulse response recorded in the stairway hall with a source-
to-microphone distance of 1 m and an azimuth of 90o to the 
left has been used (see Section 4). The IBM was computed 
using Eq. (3) by considering a priori information of the direct 
sound and the residual signals. The LC threshold is computed 
using an RC value of -9 dB and the sentence level effective 

SNR found to be 6 dB. It is clearly seen in the resynthesized 
signal that IBM processing contributes to the restoration of 
acoustic landmarks, vowel and consonant boundaries, by 
removing some of the overlap-masking effects due to late 
reverberation as well as diminishing to some degree the 
flattening of formant transitions. These effects are assumed to 
produce intelligibility improvements even though distortions 
are still present in the output (see [12] for a more detailed 
discussion).  

The above definition is applicable to a one-microphone 
signal. It has been argued that in order to preserve the 
localization information in the output signal the same weights 
should be applied to the left and right ear signals [5-6]. Note 
that by deriving left and right ear ideal binary masks using the 
same RC threshold we ensure that the two masks have similar 
binary patterns and intelligibility gains. We contend that while 
the left and right ear IBMs are not identical, the masks differ 
only across a small subset of T-F units in which the underlying 
signal is highly corrupted in one of the masks (below the local 
SNR threshold for that ear). We therefore propose to estimate 
the left and right IBMs independently at the two ears.  

 
Figure1.  Direct sound IBM based dereverberation.  
 

3. Binaural Dereverberation 
 

3.1. Peripheral Processing and Feature Extraction 
 

The input to the system consists of the left and right ear 
signals corresponding to a fixed source located in a 
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reverberant enclosure. The two signals sampled at 48 kHz are 
analyzed using a 64-channel Gammatone filterbank with 
center frequencies from 50 to 8000 Hz equally spaced on the 
equivalent rectangular bandwidth scale. The response of each 
filter is then divided into 20 ms rectangular frames with 10 ms 
overlap [18].   

Besides contributing to source localization and 
separation, binaural hearing is known to also provide an 
advantage in perceiving speech in reverberant environments 
[19]. The two primary binaural cues used by humans are 
interaural time difference (ITD) and interaural level difference 
(ILD) [20]. We calculate ITD in individual T-F units using the 
normalized cross-correlation function in the plausible range of 
ITD from -1 ms to 1 ms. At higher frequencies, as the 
wavelength of the signal becomes smaller than the distance 
between the two microphones, the cross-correlation exhibits 
multiple peaks. This ambiguity is solved by considering the 
peak location that falls in the range 2�/� centered at source 
ITD, where � indicates the center frequency of the current 
channel and the source ITD is computed after summing the 
cross-correlation across time and frequency. The ILD is 
calculated in each T-F unit using the energy ratio in dB 
between the left and right ear signals (see also [14]). Both ITD 
and ILD show significant improvements in system 
performance. We have also experimented by adding the 
interaural coherence to the feature set but this feature did not 
significantly improve the performance.  

 

3.2. SVM Classification 
 

Since the goal is to estimate binary masks, we convert the 
dereverberation problem into a classification problem. We 
choose support vector machines (SVMs) to train the classifiers 
since they are expected to generalize well [21].  

An SVM constructs a hyperplane or set of hyperplanes in 
a high-dimensional space, which can be used for classification. 
Specifically, given a set of feature-label points (��, 	�)���,������ , 
where �� ∈ �� and 	� ∈ {−1, 1}, the SVM attempts a solution 
to the following optimization problem: 

���,�,� 
1
2 �!� + " # $�

�

���
 

subject to     	�(�!%(��) + &) ≥ 1 − $�,  $� ≥ 0,         (4) 

where the parameter C controls the tradeoff between the 
margin of the two classes and the separation errors. 
Furthermore, *-��, �.3 = %(��)!%(�.) is the kernel function. 
Here we have utilized the radial basis function defined as 
*-��, �.3 = exp 4−56�� − �.678 , 5 > 0.  

The best combination of C and γ is selected by a grid 
search with exponentially growing sequences of C and γ using 
a 3-fold cross-validation on the training set. The features 
utilized here are the ITD and ILD described above while the 
classification labels are given by Eq. 3. The LIBSVM package 
was used for SVM training and testing [22]. 

The binaural features of ITD and ILD are dependent both 
on location as well as frequency and thus we, like most 
binaural models, assume independent training for each 

azimuth and frequency channel. ITD and ILD patterns are 
corrupted in reverberation by the superposition of incoming 
multiple reflections, each reflection carrying potentially a 
different ITD/ILD pattern. The distribution of binaural 
features is known to be dependent on the room configuration 
as well as the source-microphone setup in the room. We 
experiment in this study using both matched conditions 
(training and testing using the same room impulse response) as 
well as multi-conditional training (training on a set of room 
impulse responses that differ from the room impulse response 
used in testing).   

For each azimuth we train two sets of SVMs 
corresponding to the left and right ear signals using 40 
sentences from the HINT database [23]. Each SVM set 
consists of 64 SVMs corresponding to the 64 Gammatone 
frequency channels used in the periphery. IBMs were 
computed using the SVM predicted labels and applied to the 
reverberant signals in a synthesis step to generate the 
corresponding waveform stimuli [18]. Waveform stimuli for 
the unprocessed reverberant signal as well as for the direct 
sound signal were generated by passing the corresponding 
signals through the same analysis and resynthesis process 
using an all-1 binary mask. 
 

4. Results 
 
In order to evaluate the performance of the above 
dereverberation concept, experiments with recorded binaural 
impulse responses have been conducted. We employ the 
binaural room impulse responses from the AIR database which 
were measured in different realistic conditions and at different 
azimuth angles (0o corresponds to frontal azimuth) [17]. 
Specifically, the Stairway hall and the Aula recordings with a 
dummy head have been used. The reported reverberation times 
for these conditions are 0.69 s and 1.9 s, respectively. To 
obtain the direct sound signals utilized in the IBM definition, 
the impulse responses are truncated to contain only the direct 
path response. In order to study the effect of source-to-
microphone distance on the proposed algorithm, the stairway 
hall recordings at two different distances have been used. The 
proposed algorithm is compared with the direct sound IBM as 
well as with the binaural extension of spectral subtraction 
proposed in [6]. The results are presented in Tables 1-3 using 
both the perceptual evaluation of speech quality (PESQ) 
measure [24] as well as the short-time speech intelligibility 
(STOI) predictor [25].  The scores reported are the averaged 
left and right ear improvements over the unprocessed 
condition for ten sentences in the HINT database. The testing 
signals are different from the sentences used during training.  

As a general trend, we note that the proposed algorithm 
outperforms the spectral subtraction based algorithm in terms 
of speech intelligibility as measured by STOI scores across all 
conditions. The PESQ scores which measure the signal quality 
show that the proposed algorithm outperforms the spectral 
subtraction only in conditions where the sources are relatively 
close to the microphone setup (within the critical distance) as 
well as away from the median plane. While the improvements 
over the unprocessed condition are significant across all 
conditions, informal listening tests show that musical noise is 
present in the binary masked signals and further smoothing 
should be applied to improve their quality. Note also that 
direct sound IBM outperforms both methods by a large 
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margin. Moreover, in addition to the intelligibility 
improvements which were an expected outcome, the PESQ 
scores show that IBM processing can also substantially 
improve the signal quality. 
 
Table 1. PESQ and STOI score improvements at various 
azimuth configurations in the Stairway hall at 1 m distance.  

 Method 0o 30o 60o 90o 
PESQ Proposed 0.25 0.28 0.34 0.35 

DSB-SS 0.20 0.24 0.26 0.21 
IBM 0.72 0.70 0.70 0.70 

STOI Proposed 0.01 0.02 0.04 0.03 
DSB-SS -0.02 -0.01 0.00 0.00 
IBM 0.03 0.03 0.05 0.04 

 

Table 2. PESQ and STOI score improvements at various 
azimuth configurations in the Stairway hall at 2 m distance.  
 

 Method 0o 30o 60o 90o 
PESQ Proposed 0.12 0.16 0.13 0.07 

DSB-SS 0.19 0.19 0.26 0.10 
IBM 0.64 0.63 0.62 0.54 

STOI Proposed 0.02 0.03 0.06 0.04 
DSB-SS 0.00 0.00 0.01 0.00 
IBM 0.08 0.10 0.10 0.07 

 

Table 3. PESQ and STOI score improvements at various 
azimuth configurations in the Aula at 3 m distance.  
 

 Method 0o 45o 90o 
PESQ Proposed 0.18 0.33 0.33 

DSB-SS 0.30 0.26 0.25 
IBM 0.76 0.77 0.77 

STOI Proposed 0.01 0.06 0.08 
DSB-SS 0.01 0.01 0.02 
IBM 0.11 0.12 0.11 

 

Table 4. PESQ and STOI scores at various azimuth 
configurations in the simulated room at 1 m distance.  
 

 Method 0o 45o 90o 
PESQ Proposed 0.14 0.26 0.21 

DSB-SS 0.23 0.25 0.26 
IBM 0.66 0.69 0.70 

STOI Proposed 0.02 0.07 0.08 
DSB-SS 0.00 0.02 0.02 
IBM 0.07 0.10 0.11 

 
In order to test the robustness of the proposed method to 

deviations from the acoustic conditions present during 
training, a multi-conditional training is employed next. 
Specifically, the training set is obtained by randomizing the 
listener’s position in a given room. The simulated binaural 
room impulse responses are generated using the room acoustic 
model described in [13] for a rectangular room (10m x 10m x 
3m) and a source-to-microphone distance of 1 m. The 
absorption coefficient is fixed across frequencies and chosen 
to produce a T60 reverberation time of around 1 s.  As can be 

seen in Table 4, the proposed algorithm is relatively robust to 
the mismatch between the training and the testing sets, 
especially for sources away from the median plane and 
produces significant improvements over the unprocessed 
condition. 

Figure 2 illustrates the direct sound IBM, the estimated 
mask using the proposed binaural processor and the spectral 
subtraction algorithm for the same input signal illustrated in 
Figure 1. The room impulse response corresponds to the 
Stairway hall for a distance of 1 m and azimuth angle 90o to 
the left. We observe that while the proposed algorithm 
underestimates the direct sound IBM and preserves some of 
the late reverberation effects, the spectral subtraction 
overestimates the late reverberation and attenuates key speech 
components. This observation correlates well with the 
computed PESQ and STOI scores reported in Table 1. 

 

5. Conclusion 
 

This paper proposed a novel binaural dereverberation 
algorithm based on the estimation of an ideal binary mask 
using SVM-based classification. While the binaural features 
are able to produce significant improvements over the 
unprocessed reverberant speech across all conditions tested, 
further research is required to bridge the performance gap 
between the estimated mask and the ideal one.  Even though 
binaural cues are known to assist in dereverberation, they are 
not the only cues employed by the auditory system. Future 
research should incorporate monaural cues as well [18].  

 
Figure 2. Comparison of different dereverberation strategies 
(see also Figure 1). 
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