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ABSTRACT

In this paper, we propose a new approach to estimate the late reverberant spectral variance (LRSV) for
speech dereverberation in the short-time Fourier transform (STFT) domain. Our approach uses a model-
based scheme involving the estimation of a smoothing (shape) parameter and the reverberant-only com-
ponent of speech. We propose to obtain the shape parameter by using estimates of the spectral vari-
ances of the direct-path and reverberant-only components of the speech, which in turn, can be calcu-
lated by smoothing coarse estimates of these two components. Furthermore, an accurate estimate of the
reverberant-only component is obtained by means of a moving average scheme. In order to obtain the
preliminary estimates of the direct-path and reverberant speech components, we employ a modified ver-
sion of the weighted prediction error (WPE) method. In contrast to the original WPE method, the sug-
gested modification is implemented for shorter processing blocks, each consisting of a number of STFT
frames. This block-wise procedure allows for adaptation to moderate changes in environment and makes
the proposed approach also suitable for time-varying acoustic scenarios. Performance evaluations with
respect to previous LRSV estimation methods demonstrate the superiority of the proposed approach in

both time-invariant and time-variant reverberant environments.

© 2017 Elsevier B.V. All rights reserved.

1. Introduction

Speech signals captured within an enclosure by a distant mi-
crophone are subject to reflections from the surrounding sur-
faces (walls, ceiling, etc.) and other objects within the environ-
ment. This phenomenon, often known as reverberation, can de-
teriorate the perceived quality/intelligibility of the desired speech
signals, and also degrades to a large extent the performance of
speech processing systems such as hearing aids, hands-free tele-
conferencing, source separation and localization, and automatic
speech recognition systems (Naylor and Gaubitch, 2010; Yoshioka

Abbreviations: (BCI), Blind channel identification; (CD), Cepstrum distance;
(DD), Decision-directed; (DRR), Direct-to-reverberant ratio; (EM), Expectation-
maximization; (FW-SNR), Frequency-weighted segmental SNR; (ISM), Image source
method; (LRSV), Late reverberant spectral variance; (LPC), Linear prediction co-
efficients; (MA), Moving average; (MMSE), Minimum mean-square error; (MCLP),
Multi-channel linear prediction; (PESQ), Perceptual evaluation of speech qual-
ity; (RIR), Room impulse response; (STFT), Short-time Fourier transform; (SRMR),
Signal-to-reverberation modulation energy ratio; (SNR), Signal-to-noise ratio;
(WPE), Weighted prediction error.
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et al., 2012). Therefore, efficient suppression of reverberation in
real world acoustic environments is highly required for these ap-
plications.

During the past two decades, numerous single- and multi-
microphone dereverberation methods have been developed. In the
latter case, the most conventional approaches exploit beamform-
ing techniques to coherently combine the dominant early arrivals,
as in e.g.,, Gannot et al. (2001) and Warsitz and Haeb-Umbach
(2007). However, unless a rather large number of microphones is
employed, the dereverberation performance of beamforming meth-
ods is strictly limited in general (Naylor and Gaubitch, 2010). Many
other dereverberation approaches estimate the anechoic (clean)
speech by processing observations with inverse filters that can
be either calculated using the available room impulse responses
(RIRs) or estimated from the reverberant observations (Furuya and
Kataoka, 2007; Kumar and Stern, 2010). Even though perfect acous-
tic equalization is possible in theory if the exact RIR is known, in a
realistic acoustic environment, due to the long length and irregular
nature of the RIR, its precise estimation is often quite challenging,
if not impossible (Habets, 2007). Furthermore, real world RIRs are
comprised of several thousands of coefficients in the time or fre-
quency domain, and therefore, their estimation can be a huge task.
In this regard, a major stream of research has been focused on the
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Time index

Observed reverberant speech

Anechoic speech

Time-varying RIR

Length of RIR (samples)

Estimate of anechoic speech

Length of the early part of RIR (samples)

Early part of RIR

Late part of RIR

Sampling frequency (Hz)

Time length of early RIR (s)

Early part of observed speech

Late part of observed speech

Frequency bin index

Number of frequency bins (frame length)

Time frame index

STFT analysis-synthesis window

STFT frame advance (samples)

STFT of observed speech

STFT of early speech

STFT of late speech

Estimate of the STFT of early speech

Estimate of the STFT of late speech

Gain function of SE

A priori signal-to-reverberant ratio

A posteriori signal-to-reverberant ratio

Spectral variance of early speech

Spectral variance of late speech

Peak of exponentially decaying RIR, h(m)

60 dB reverberation time (s)

3log 10/(fsTeoa(k))

N, /P

RIR model in the STFT domain

Peak of the direct-path component of H(k, I)
Peak of the reverberant component of H(k, I)
Estimate of the spectral variance of entire ob-
served speech

Estimate of the spectral variance of reverberant-
only speech

Estimate of the spectral variance of late reverber-
ant speech

Smoothing parameter in the estimation of
a2 (k1)

Shape parameter in the estimation of (r)%R(k, D
Estimate of reverberant-only speech X(k, )
Variance of Bp(k)

Variance of Bg(k, 1)

Direct-to-reverberant ratio

Estimate of the spectral variance of direct-path
speech

Estimate of the spectral variance of reverberant-
only speech

Coarse estimate of direct-path speech

Coarse estimate of reverberant-only speech
Smoothing parameters in the estimation of
6/‘2%(’{’ I) and 6?2@ (k, D

Processing block index (samples)

Length of processing blocks (samples)

M Number of speech STFT frames per processing
block

d Number of direct-path speech terms in the WPE
method

I Regression (linear prediction) length in the WPE
method

y Smoothing parameter for speech variance in the
WPE method

€ Flooring value on speech variance in the WPE
method

X(k,! —d) Regression vector in the WPE method

j Iteration index in the WPE method

J Number of iterations in the WPE method

8, (k) Reverberation prediction weights in the WPE
method

Q Order of the linear prediction (MA-based)
method to estimate X;(k, I) and Xg(k, 1)

q Index of the MA model terms

Xge(k, 1) Dereverberated speech

cq(k, A)  MA model coefficients

1) Delay value in the MA model

B Bias correction factor in the MA model

P, p' Thresholds in the criterion for the convergence
of g, (k)

Fi(g) Cost function used for the estimation of 8, (k)

Hi(k, A) Thresholded term in the convergence criterion
for 8, (k)

g, (k) Ultimate estimate of reverberation prediction
weights (after smoothing)

uw Smoothing parameter used in the recursive
smoothing of g’, (k)

e(A) Normalized error in the estimation of LRSV

Errseg Mean segmental error

use of so-called blind channel identification (BCI) techniques for
dereverberation (Huang et al., 2005).

Another important category of reverberation suppression meth-
ods includes model-based statistical approaches that target an op-
timal estimation of the dereverberated speech. In Yoshioka et al.
(2009), the parameters of an all-pole model for speech and re-
verberation are iteratively determined by maximizing the likeli-
hood function of the model parameters through an expectation-
maximization (EM) approach. Subsequently, a minimum mean-
square error (MMSE) estimator is derived that yields the enhanced
speech. As an alternative, the time-varying nature of the speech
signal and the multi-channel linear prediction (MCLP) model of re-
verberation can be exploited for efficient dereverberation, although
the implementation of such methods in the time domain is com-
putationally costly (Kinoshita et al., 2009). To overcome this prob-
lem and to achieve higher quality in dereverberation, in Nakatani
et al. (2008); 2010), it is proposed to implement the MCLP ap-
proach in the short-time Fourier transform (STFT) domain. The
resulting approach, referred to as the weighted prediction error
(WPE) method, is an iterative algorithm that alternatively esti-
mates the reverberation prediction coefficients and speech spec-
tral variance using batch processing of speech utterances. However,
one of the drawbacks of this method is that it requires at least a
few seconds of the observed speech utterance in order to ensure
the convergence of the reverberation prediction coefficients. Addi-
tionally, the RIR should remain constant during the estimation and
dereverberation processes.

Spectral enhancement (SE) methods based on a gain function,
originally developed for the purpose of noise reduction, have also
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been modified and used for dereverberation (Habets, 2007). The
major advantage of SE methods over the aforementioned tech-
niques is their simplicity of implementation in the STFT domain
and low computational complexity. In essence, the SE-based dere-
verberation aims at the suppression of late reverberation, which
is the major cause for the deterioration of the speech quality in
many scenarios. Assuming that early and late reverberations are
independent and under the phase equivalence of the reverberant
and anechoic speech, these methods can be employed for late re-
verberation suppression by estimating the late reverberant spectral
variance (LRSV) and using it in place of the noise spectral variance
(Habets, 2007). Therefore, the main challenge in reverberation sup-
pression using SE is to estimate the LRSV blindly from reverberant
speech observations.

As originally suggested by Lebart et al. in Lebart et al. (2001),
the late reverberation can be treated as an additive disturbance.
Therein, through a statistical modeling of the RIR, an estimator
of the LRSV is derived and used in a spectral subtraction rule. In
the same line of work, several estimators of the LRSV have been
proposed in the past decade. Since the LRSV estimator in Lebart
et al. (2001) is based on a time domain model of the RIR and also
assumes that the source-to-microphone distance is larger than a
critical distance,! Habets developed in Habets et al. (2009) a new
LRSV estimator that overcomes these deficiencies. Therein, a statis-
tical RIR model in the STFT domain is proposed and used to derive
an extension of the Lebart’s LRSV estimator that takes into account
the energy contribution of the direct path and reverberant parts
of speech. This statistical RIR model only depends on the rever-
beration time, which is generally almost constant over time. How-
ever, similar to Lebart’s method, the LRSV estimator in Habets et al.
(2009) assumes a fixed RIR, i.e. a time-invariant environment, and
also requires the prior knowledge of the RIR statistics or the direct-
to-reverberant ratio (DRR) parameter. Consequently, this method
cannot be implemented blindly, i.e. by processing only the input
reverberant speech.

In Erkelens and Heusdens (2010), therefore, an LRSV estima-
tor that is based on the correlation between the reverberant and
anechoic speech has been proposed, in contrast to the previous
model-based LRSV estimator in Habets et al. (2009). This new
LRSV estimator requires no knowledge of the RIR model parame-
ters such as the reverberation time or DRR, and outperforms the
previous methods. However, the method in Erkelens and Heusdens
(2010) can only track very slow changes in the RIR and underesti-
mates the LRSV in case of time-varying RIRs. Therefore, it is sug-
gested in Erkelens and Heusdens (2010) to use a model-based LRSV
estimation for the general case of time-varying RIRs. While it is
shown therein that this scheme is advantageous in slowly changing
environments, the amount of data needed for the blind estimation
of the required shape parameter is on the order of several seconds.
This does not allow the developed scheme in Erkelens and Heus-
dens (2010) to be adapted to real world changing environments.

Along the same direction, a few recursive smoothing schemes
for LRSV estimation have been suggested in the recent literature,
such as the one in Bao and Zhu (2013). Therein, since the smooth-
ing (or the so-called shape) parameter is affected by the estima-
tion errors of the LRSV, it is suggested therein to use more than
one term of the past spectral variances of the reverberant speech
in the recursive smoothing scheme used for the calculation of the
shape parameter. However, only minor improvements can be ob-
served by using the latter method with respect to the previous
schemes in Habets et al. (2009) and Erkelens and Heusdens (2010).
In summary, it is concluded that despite the existence of a few ma-
jor schemes for the estimation of the LRSV, blind estimation of this

T In smaller distances, the LRSV estimator in Lebart et al. (2001) largely overesti-
mates the LRSV.

parameter, particularly in changing acoustic environments, remains
a challenging problem.

In this work, we present a new approach for the estimation
of the LRSV that relies on the statistical model-based method
in Habets et al. (2009). Our approach mainly targets the task
of speech enhancement in highly reverberant environment, even
though it can be further extended and employed for other related
tasks such as speech recognition. The new approach uses a recur-
sive smoothing scheme which requires the proper selection of the
underlying shape parameter as well as an accurate estimate of the
reverberant-only speech component. To approximate the optimal
shape parameter, we employ the spectral variances of the direct-
path and reverberant-only speech components, which in turn, can
be estimated by smoothing coarse estimates of these components.
Further, to obtain an accurate estimate of the reverberant-only
speech, we employ a moving average (MA) scheme which requires
a coarse estimate of the direct-path speech component. To obtain
the coarse estimates of the direct-path and reverberant-only com-
ponents, we take advantage of the WPE dereverberation method.
Yet, in contrast to the original WPE method, which requires the
entire set of speech observations to estimate the underlying re-
verberation prediction weights, we implement the WPE method in
an incremental fashion, where the observed speech is processed
block by block. This makes the overall proposed LRSV estimation
approach suitable for changing environments where the reverbera-
tion prediction weights have to be adapted over time.

This paper is organized as follows. In Section 2, a brief overview
of late reverberation suppression using the SE method and the es-
timation of LRSV is presented. The proposed approach for LRSV es-
timation is developed in Section 3. Section 4 is devoted to perfor-
mance evaluation via experimentation and Section 5 concludes the
paper.

2. Background

In this section, we first present a brief background on late re-
verberation suppression based on a gain function. Next, we review
the model-based method for the estimation of LRSV, which is the
most critical component in the calculation of gain functions.

2.1. Reverberation suppression using a gain function

In an acoustic environment, the captured reverberant signal by
a microphone, x(n), with n € {0, 1, ---} as the discrete-time index,
can be modeled in the time domain as the convolution of the ane-
choic speech, s(n), with the causal time-varying RIR, hy(m), where
m e {0, 1, ---, L,} denotes the sample index and L, is the length of
the RIR (Naylor and Gaubitch, 2010):
Ly—1
x(n) = ) ha(m)s(n —m) (1)
m=0
The ultimate goal of dereverberation is to obtain an estimate of
the anechoic speech signal denoted as §(n), using the observation
signal x(n). The problem of interest is termed as blind dereverber-
ation, since neither the speech signal s(n) (and its characteristics)
nor the acoustic RIR hp(m) is available. Since our aim is to suppress
the late reverberant speech?, we divide the RIR in (1) into the early
and late parts as

hg,(m), 0<m<N,
hn(m) = { hy,(m), Ne<m <L (2)
0, Otherwise

2 It should be noted that in most applications of speech enhancement in rever-
berant environments, the main cause of degradation in the quality/intelligibility of
speech is the late reverberant component with the early component even improving
noise-related measures such as the SNR (Habets, 2007).
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with hg, (m) and hy, (m) as the early and late parts of the RIR re-
spectively and N, as the length of early reflections. In practice, N,
can be obtained as fiTe,y, with f; being the sampling frequency
in Hz and T,y as the early speech duration ranging from 40 to
80 ms (Naylor and Gaubitch, 2010). Inserting (2) into (1) results in

Ne—1 Ly—1
x(n) =Y hg, (m)s(n—m)+ Y hy, (m)s(n—m) 3)
m=0 m=N,
xg(n) x(n)

where xg(n) and x;(n) can be respectively referred to as the early
and late reverberant components of speech. In the STFT domain, by
denoting the frequency bin and time frame indices respectively as
ke{0,1,--- ,K— 1} with K as the number of total frequency bins
and | e N, it follows that
K-1
X(k. D) =" x(n+IPyw(n)e %" = Xp (k. 1) + Xy (k. 1) (4)
n=0
where w(n) is the analysis window, P is the STFT frame advance
(hop size), and Xg(k, I) and X;(k, I) are respectively the early and
late reverberant components in the STFT domain.
The goal of late reverberation suppression by means of SE is
to obtain an estimate of the early reverberant component, Xg(k, I).
This was originally accomplished by Lebart et al. (2001) where the
conventional spectral subtraction rule, initially developed for ad-
ditive noise reduction, is applied on the reverberant observation
through a multiplicative gain function, namely,

Xe(k, 1) = Gk, DX (k, 1) (5)

with Xg(k, 1) and G(k, I) respectively as the estimated early rever-
berant speech and spectral gain function. Various expressions for
G(k, 1) can be found from the noise reduction literature, e.g., those
employed in Lebart et al. (2001). In turn, this gain function gener-
ally depends on two important parameters, which in the context
of late reverberation suppression, are

o2 (k. 1) IX (k, )2
k)= 2%~ k)=l 6
chkb=agyy 1D ="0g (©)
where the two parameters O')%E(k,l) = E{|Xg(k, D|?} and

O')%L(k,l) = E{|X.(k, D)%} are respectively the spectral variances
of the early and late reverberant components. Borrowing from
the noise reduction context, ¢(k, [) can be estimated through
the conventional decision-directed (DD) approach (Ephraim and
Malah, 1984), using an estimate of a)%L (k,1). Within this frame-
work, the estimation of a)%L (k, 1), i.e. the so-called LRSV, due to
its high influence on the overall performance of the SE method,

has received considerable attention in the recent literature and is
therefore the main focus of this work.

2.2. Model-based method for LRSV estimation
Polack (1988) originally modeled an RIR in the time domain as

h(m) = b(m)e ™ (7)

where b(m) is a zero-mean white Gaussian random process, and «
is defined as 3log 10/(fsTgoqz) With fs as the sampling frequency in
Hz and Tgogp as the 60dB reverberation time in seconds. Based on
this model, Lebart et al. (2001) derived the following estimator for
the LRSV

63 (k. 1) = e 22PNeg2 (k, | — Ng) (8)

with o2 (k, 1) = E{|X(k, D|*} denoting the spectral variance of the
observation and Ng = N/P. It should be noted that the indepen-
dence of the early and late reverberant components has been as-
sumed to derive (8) and also in other prominent LRSV estimators.

In Habets et al. (2009), Habets suggests the following statistical
RIR model in the STFT domain

BD(k), [=0

Hk, 1) = (9)
{BR(k, De—a®@IP [ > 1

where Bp(k) and Bg(k, I) are zero-mean mutually independent
and identically distributed (i.i.d.) Gaussian random processes cor-
responding respectively to the direct-path and reverberant compo-
nents of the RIR. Note that in this model, «(k) has been defined
as 3log 10/(fsTgoqp(k)) with Tgogp(k) considered as a frequency-
dependent parameter. Based on this model, a recursive scheme for
the LRSV estimator is derived in Habets et al. (2009) as given be-
low

G62(k, 1) =[1—-Bl62(k, 1 —1) + BIX(k,D|? (10a)

G (k. D) =[1—k(k)]e2*®P62 (k. 1-1) (10b)
+ i (k)e 22 ®PG2 (k1 - 1)

6 (k1) = e 20PN G2 (k| — Np + 1) (10c)

with $=0.15 as a fixed smoothing parameter and «(k) the shape
parameter used to estimate the reverberant spectral variance
a)%R (k,1). Herein, the reverberant component Xy(k, I) is in fact the
entire reverberant speech X(k, ) except the direct-path (first) term.

Since a)%R (k,I) should exclude the direct-path speech compo-
nent in order to avoid distorting this component by the underly-
ing spectral suppression rule, the selection of the shape parameter
k (k) is of high importance. In Habets et al. (2009), it is proved that
the optimal value of this parameter is in fact the ratio of the vari-
ance of Br(k, 1) to that of Bp(k), which can be obtained by

g (k) eaoP 1

k) = o2 (k) ~ DRR(K)

(11)

where DRR(k) is the so-called direct-to-reverberant ratio defined
as the ratio of the energy of the direct-path RIR to that of the
reverberant RIR. However, the use of (11) poses a number of dif-
ficulties. First, DRR(k) has to be estimated beforehand in a blind
manner, implying an additional task requiring at least a few sec-
onds of reverberant observations. Secondly, this scheme does not
properly suit the case of a changing environment (RIR). Thirdly, as
observed from (10), the estimation of the reverberant spectral vari-
ance cr)%R (k, 1) is performed by recursively smoothing the entire re-
verberant observation X(k, I), and therefore, the estimated &)%R (k, 1)
includes the direct-path component of speech as well.

In the following section, we propose a new scheme for the es-
timation of the LRSV, which is suitable for moderately changing
environments. Our scheme takes advantage of a linear prediction-
based dereverberation method in eliminating the direct-path com-
ponent when estimating the reverberant spectral variance a)%R (k, D).

3. Proposed LRSV estimator

Although our approach for estimating the LRSV is based on the
scheme in Habets et al. (2009), as discussed in the previous sec-
tion, we target time-varying acoustic environments where the RIR
cannot be assumed constant over a period of a few seconds. In
this respect, as opposed to (10a) and (10b), we use the following
scheme for the estimation of the reverberant-only spectral vari-
ance:

62,3, 1) = [1 — i (k, D162 ke, 1 — 1) + s (k, D)X (k, 1) (12)
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Fig. 1. An illustration of the STFT frames and the processing blocks over speech time samples.

and then use (10c) to obtain the LRSV, a)%L (k,1). As compared
to (10b), a new time and frequency dependent scheme for the
shape parameter «(k, I) is proposed, which fits properly the case
of a time-varying RIR. In addition, rather than estimating the
reverberant-only spectral variance a)%R(k, I) by smoothing |X(k,

D|2, we will exploit an estimate of the reverberant-only speech,
Xr(k, 1), which excludes the direct-path component. This, to a large
extent, helps avoiding the leakage of the direct-path speech into
the estimated LRSV. In Sections 3.1 and 3.2 below, we will respec-
tively present the proposed schemes for the shape parameter x(k,
1) and the estimation of the reverberant-only component Xz (k, ).

3.1. Suggested scheme for the shape parameter

Based on (11), we propose a new blind scheme to obtain the
shape parameter «. This is achieved by finding a proper estimator
for the DRR(k) in (11) as a function of time frame [ and frequency
bin k. In this regard, we propose to choose the shape parameter by
the following

eZa(k)P -1
62 (k.1)/62 (k.I) (13)

« (k, 1) = min{max{«'(k, 1), 0}, 1}

k'(k 1) =

where 6,2(‘3 (k,I) and 6}(R(k, I) are the estimate of the spectral vari-
ance of the direct-path and that of the reverberant speech, respec-
tively, and the second equation is to ensure that the shape param-
eter lies in [0, 1]. To estimate the two spectral variances in (13),
we use the recursive smoothing method, i.e.,

63, (k. 1) =[1-1116%, (k.1 = 1) + y1|Xp (k. D?

62 (k1) =[1- 2162 (k.1 — 1) + yo| Br (k. 1) [?

with y¢ and y, as two fixed smoothing parameters taken to be
0.25, and Xp(k,I) and Lz(k,]) as coarse estimates of the direct-
path and reverberant components of speech, respectively. Here, we
resort to a linear prediction-based dereverberation method in the
STFT domain, namely the WPE method (Nakatani et al., 2010), in
order to obtain Xp(k, 1) and X (k, ). However, the WPE method is
in essence a batch processing technique and it requires the prepro-
cessing of the entire speech utterance in order to provide an accu-
rate performance. This is not suitable when dealing with a time-
varying acoustic environment, where the RIR is prone to change.
Furthermore, a large processing delay is introduced due to the pre-
processing step, which is undesirable for real-time processing of
the speech. To overcome these obstacles, here, we employ the WPE
method for processing blocks of typically 0.5 s long. We then ex-
ploit the estimated direct-path and reverberant components ob-
tained from the WPE method for Xp(k,1) and Xz(k,[), respec-
tively, in (14) at each processing block. A schematic of the pro-
cessing blocks and the corresponding frames over time is shown
in Fig. 1. Within this framework, the resulting coarse estimates of
the direct-path and reverberant components are precise enough for

(14)

the suggested scheme for k(k, [) in (13) and (14), as will be inves-
tigated thoroughly in Section 4.

Now, denoting each processing block by A and the block length
(in samples) by A, based on Nakatani et al. (2010), the resulting
block-wise WPE method can be summarized as follows:

« At the processing block A, the observation X(k, I) is consid-
ered for l e {AM,AM+1,--- ,AM+ M — 1} (which are actually
M STFT frames). We set the following parameters: the num-
ber of direct-path speech terms d =1, the regression (linear
prediction) length I = 15, the smoothing parameter for speech
variance y = 0.65 and the flooring value on speech variance
€ = 1073, Next, we form the regression vector X(k, | —d) as be-
low

Xk, I -d)=[X(k,I-d), Xk 1-d-1),--- (15)
L Xk I —d =14+ D]

The speech spectral variance 09259 (k,I) is initialized as

o%DO (k,D) = |X(k,D|>

Repeat the following for j from 0 to J — 1, with J as the number
of iterations

AL =3

I

a, 00 =3

I

X(k. [ — d)XH (k.1 — d)
ai (kD)
)

(16)
Xk, [ — d)X*(k, 1)

ai (k.1

where [ € {AM,AM +1,--- ,AM+M —1}, and {}¥ and {.}* re-
spectively denote matrix hermitian and complex conjugation.

g, (k) = A1 () a;, (k) (17)
Ay, (k. 1) =gj! ()X (k.1 —d) (18)
A, (k, 1) =X (I, 1) — X, (k. 1)
oy, (kD=[1-ylof (kI1-1)

Jj+1 J+1 (19)

+y max {|xp, (k. D|* €}

The terms XRj(k, I) and Xp; (k, 1) at the last iteration are con-
sidered as Lz(k, 1) and £p(k, 1) in (14).

Note that, contrary to the original WPE method, here the re-
verberation prediction weights 8, (k) are estimated separately for
each time block A. Also, to obtain a smoother speech spectral
variance a%D (k, 1), which reasonably enhances the overall perfor-
mance, a smoothing scheme has been considered for this param-
eter in (19) rather than its instantaneous estimate used in the
original method. In our case, the parameter setting d = 1 should
be considered so that XDj(k, ) in (18) particularly estimates the
direct-path component of speech. Even though the WPE method
is often implemented for a fixed number of iterations J, we use
a more efficient heuristic criterion for the number of iterations,
which will be discussed in Section 3.3.



M. Parchami et al./Speech Communication 92 (2017) 100-113 105

3.2. Estimation of the reverberant component

To obtain a proper estimate of the reverberant-only compo-
nent of the speech, we modify the correlation-based approach sug-
gested in Erkelens and Heusdens (2010), which was originally pro-
posed to estimate the late reverberant component. This approach
models the estimate of the late reverberant speech, X; (k. 1), as a
weighted sum of Q previous frames of the dereverberated (direct-
path) speech, as the following

Q-1
Rk, 1) = VB cq(k)Xge (k.1 =8 —q) (20)
q=0

where Xg(k, I) is the dereverberated speech, § is a delay (in the
order of a few frames) to skip the direct-path and early reverber-
ant components, ¢;'s are the MA model (prediction) coefficients,
Q = 60 is the number of MA terms and B = 1.65 is a bias correc-
tion factor (Erkelens and Heusdens, 2010). Since we here aim at
the estimation of the entire reverberant speech including the early
and late components, we set § =1 in the above to only skip the
direct-path component at the current frame and use the direct-
path component obtained from the WPE method in Section 3.1 for
Xge(k, 1). This results in

Q-1
Xe(k,1) = VB cq(k. M) Ap(k.1—1—q) (21)
q=0

where we have used the term Xp(k,[) as an estimate for Xg,(k, I).
Also, in a similar fashion to the reverberation prediction weights
g,.(k), we have considered the prediction coefficients c4(k, A) to be
updated as a function of the block index A to account for moderate
changes in the environment. Now, what remains is to obtain the
prediction coefficients cq(k, A), as required by (21). As in Erkelens
and Heusdens (2010), the prediction coefficients can be optimally
obtained by minimizing the mean squared error between X(k, I)
and cq(k, A)Zp(k, I — 1 —q), which leads to the following solution

E[{X(k, I)Q?D(k, I-1- q)}
Ef| Xk, 1 —1-q)?}
where E;{.} denotes the expectation over frames. Even though cal-
culating E/{.} requires long-term time averaging, here, the block
processing framework allows to perform the time averaging with
enough number of frames. In this sense, denoting the terms in the
numerator and denominator of (22) by E(1) and E(), respectively,

we use the following sample averaging

ED ~ ZX(k DXk, 1-1-1¢q)

&k, A) = (22)

(23)

2) ~ v 2
E® ~ M21:|XD(I<,I—1—q)|

where we let | € {AM,AM+1,..- ,AM+M -1}, ie, we perform
the sample means over the M frames of the processing block, A. It
should be noted that, even though the block-wise implementation
of the WPE method, as discussed in Section 3.1, introduces devia-
tions in the prediction weights g; (k) from those obtained through
the full batch processing, the WPE method still does a good job at
isolating the direct-path component from the reverberant one as
obtained by (21). Further details regarding the performance of the
WPE method-based on block processing will be further discussed
in Section 4.

In Fig. 2, a block diagram of the main steps of the proposed
approach for LRSV estimation is illustrated. It is observed that the
estimates of the direct and reverberant components by the WPE
method are used for updating both the shape parameter «(k, I) and
the reverberant component Xg(k,!), as required in the proposed
LRSV estimation scheme.

3.3. Implementation of the WPE method

The original WPE method essentially requires batch processing
using at least a few seconds of the reverberant observation. In
spite of this, we apply the WPE method for processing blocks of
0.5 s, since it is employed only to provide preliminary estimates
of the direct-path and reverberant speech components. Further-
more, to make the underlying WPE method suitable for our block
processing-based approach, we make a few modifications to the
original version of this method. First, as discussed in Section 3.1, a
smoothing scheme is added for the estimation of the speech spec-
tral variance U?an (k,I) in (19). Next, we employ a heuristic criterion
for the number of iterations performed in (15)-(19). Convention-
ally, a fixed or a maximum number of iterations can be employed,
or more precisely, the following convergence criterion can be used
at the jth iteration (Yoshioka, 2010)

|g; (k) — g1 (o) |, B
” gj-1(k) ” 2

with ||.||, denoting the ¢;-norm and p as a fixed threshold value;
The iterations are discarded if the above holds. Here, we suggest
a convergence criterion based on a heuristic interpretation of the
WPE method in Yoshioka (2010), as follows. The reverberation pre-
diction weights g;j(k) can actually be derived based on the mini-
mization of the following cost function (Yoshioka, 2010)

Xk, D) — g (k)X (k. [ - )|
FE) =2 Tz P

|Ap, (k. D)]?
_Z| D;

i (k, D2
which in fact penallzes the sparsity of the dereverberated speech
in the numerator as compared to the anechoic speech in the de-
nominator. Here, we take advantage of the criterion expressed in
(25) to formulate a more efficient convergence criterion than the
one in (24) for the reverberation prediction weights at the A-th
processing block, 8, (k), as the following

(24)

(25)

AT | X (kD

2 %, (. D2~

=AM

Hj(k, L) = o (26)
where the summation is performed on all frames of the A-th pro-
cessing block and the threshold value p’ is experimentally set to
0.01M. This choice of the convergence criterion ensures that a cer-
tain level of sparsity in the dereverberated speech, as inspired by
the cost function in (25), is reached before discarding the itera-
tions. Since the values of |Xp, (k, )|? and |Ap,_, (k. |2 may change
dramatically in some time-frequency units, we set the maximum
allowed number of iterations to 10.

Finally, to smooth the changes of the reverberation prediction
weight g, (k) across processing blocks, we perform a smoothing
scheme on g, (k) to obtain its ultimate value, g’; (k), as

gh (k) =[1 - plg 1 (k) + pg (k) (27)

with u fixed at 0.8, to update the values of g’; (k) by using mostly
the current processing block.

3.4. Relation between the SE and WPE methods

The SE methods were originally developed based on a gain
function for the purpose of noise reduction (Loizou, 2013), and
later, they were modified in order to handle the late reverberation
suppression problem (Habets, 2007). This group of methods mainly
models the additive disturbances (noise or reverberation) by a zero
mean complex Gaussian distribution and aims at estimating the
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Coarse estimation of the direct-path and
reverberant components X, (k, [)and

X (k. 1) ==

X (k. 1) by the WPE method in (15)-(19)

A 4

parameter x(k, [) by (13)

Updating the shape

A 4

MA-based estimation of the
reverberant-only component, )
Xr(k,1) by (21)

Reverberant-only spectral
variance estimation by (12)| ¢

§ [ LRSV estimation 2
by (10.¢) = %, (k,0)

Fig. 2. Block diagram of the proposed algorithm for LRSV estimation.

clean speech by means of a maximum likelihood (ML), maximum
a posteriori (MAP) or Bayesian MMSE approach. More precisely, it
follows that
X(k,1)=Sk,D)+V(k,1) (28)
with S(k, 1) = A(k, )ei?®D 35 the clean speech and V(k, ) as the
sum of additive disturbance terms. Classic SE techniques tackle
this problem by maximizing the likelihood, p(X|A), or the MAP
distribution, p(A|X), or by minimizing the expectation of a cost
function such as (A —A)2 w.rt. the speech amplitude estimate A
(Loizou, 2013). Given that a proper estimate of the disturbance
spectral variance (the LRSV in our case), crvz (k, 1), is at hand, the
gain function G(k, I) can be computed and multiplied by the ob-
served speech X(k, I) in order to suppression the disturbance. The
WPE method, on the other hand, is a fully blind method which
need not any prior knowledge of the acoustic environment or dis-
turbance statistics. This method is based on a linear predictive
modeling for the disturbance V(k, 1), expressed as gH(k)X(k, 1) or
22:18"(’<, )X (k,1 —¢). Using the WPE method, one is able to es-
timate the linear prediction weights g(k) and thus the clean speech
S(k, 1) in a fully blind way by means of an ML method, as the fol-
lowing (Nakatani et al., 2010)

&= max p(Slg) = max p((X —g"X)|g) (29)

According to the linear predictive model used for V(k, I) with I be-
ing a rather large number, V(k, [) is in fact a sum of many ran-
dom terms. This, based on the central limit theorem, implies that
the disturbance V(k, ) is assumed to be approximately normally
distributed, as is the case with SE methods. Therefore, it can be
concluded that both the WPE and SE methods rely on almost the
same set of assumptions. The main difference is that, however, the
SE methods provide no means of estimating the disturbance spec-
tral variance, necessitating the use of an LRSV estimator when used
for dereverberation. On the other hand, the WPE method relies on
a set of STFT frames, namely a processing block, in order to obtain
the prediction weights g(k).

It is well-known that the biggest challenge in modifying the SE
technique for the task of dereverberation is the estimation of the
LRSV (Habets, 2007). In the model-based LRSV estimation prob-
lem of interest, we found that the biggest obstacle in using the
smoothing scheme of (12) is the lack of proper estimates for the
direct-path and reverberant-only speech components. Given that
the WPE method can reliably provide preliminary estimates of
these two speech components, we employed a modification of this
blind method in our approach, where the number of early speech
terms d is set to 1, to only account for the direct-path compo-
nent (first speech term). Yet, in order to make the underlying WPE
method compatible with the online estimation of LRSV, we used
the block-wise WPE method described in (15)-(19) to have the
smallest possible processing delay.

4. Performance evaluation
4.1. Methodology

In this section, we evaluate the performance of the proposed
LRSV estimator as compared to a few major LRSV estimation
methods for both time-invariant and time-varying RIRs. To this
end, anechoic speech utterances including 10 male and 10 female
speakers are used from the TIMIT database (Garofolo et al., 1993),
the sampling frequency f; is set to 16 kHz and a 25 ms Ham-
ming window with overlap of 75% is used for the STFT analysis-
synthesis. To implement our block processing-based approach, we
consider a block length of 0.5 s, resulting in M=80 frames in each
processing block.> It should be noted that there exists a trade-
off in choosing the length of processing blocks, since the shorter
the block length the more erroneous the prediction weights g; (k)
whereas the longer the block length the higher the processing de-
lay and also the slower the adaptation of the estimated LRSV to
the changing RIR. With the current choice for the processing block
length, considering the computational complexity of the underly-
ing WPE method,* the proposed approach seems suitable for real
time applications in which the dereverberation algorithm needs to
be performed incrementally from the beginning of the captured
speech utterance with a small algorithmic delay. To obtain the best
performance, T, is chosen to be 62.5 ms, resulting in Ng=10 for
our experiments. As for the estimation of the reverberation time
Tsoqp,» We use the blind reverberation time estimator in Lollmann
et al. (2010) which is capable of estimating Tgosp within the al-
lowed processing blocks with low complexity and enough accu-
racy for our LRSV estimation method. Note that, even for mildly
changing environments, the reverberation time Tgy4z does not of-
ten change considerably (Naylor and Gaubitch, 2010). Our approach
does not require the estimation of the DRR parameter. As opposed
to Erkelens and Heusdens (2010), where Q in (20) was taken as
60 to account for heavy reverberations with Tgggp’s of up to 2 s,
we choose Q in (21) to be 20 to deal with moderate amounts of
reverberation but we increase the bias correction factor to B = 3.2.

For the evaluation of the reverberation suppression achieved by
using the proposed approach in a spectral suppression rule, we
use four performance measures recommended by REVERB Chal-
lenge (Kinoshita et al., 2013). These performance metrics include:
the perceptual evaluation of speech quality (PESQ), the cepstrum
distance (CD), the frequency-weighted segmental SNR (FW-SNR)
and the signal-to-reverberation modulation energy ratio (SRMR).
The PESQ score is one of the most frequently used performance
measures in the speech enhancement literature and is the one
recommended by ITU-T standards for speech quality assessment

3 Note that M can be calculated by dividing the block length A by the STFT hop
size P.

4 This has been studied in detail in (Nakatani et al., 2010) in terms of the real
time factor.
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(Recommendation P.862, 2001). It ranges between 1 and 4.5 with
higher values corresponding to better speech quality. The CD is cal-
culated as the log-spectral distance between the linear prediction
coefficients (LPC) of the enhanced and clean speech spectra (Hu
and Loizou, 2008). It is often limited in the range of [0,10], where
a smaller CD value shows less deviation from the clean speech.
The FW-SNR is calculated based on a critical band analysis with
mel-frequency filter bank and using clean speech amplitude as the
corresponding weights (Hu and Loizou, 2008). It generally takes
a value in the range of [-10,35] dB with the higher the better.
The SRMR, which has been exclusively devised for the assessment
of dereverberation, is a non-intrusive measure (i.e., one requiring
only the enhanced speech for its calculation), and is based on an
auditory-inspired filterbank analysis of critical band temporal en-
velopes of the speech signal (Falk et al., 2010). A higher SRMR
refers to a higher energy of the anechoic speech relative to that
of the reverberant-only speech.

In the following, we evaluate the relative performance of the
proposed LRSV estimator in both time-invariant and time-varying
reverberant environments.

4.2. Performance in time-invariant RIRs

In this part, we assess the performance of the proposed ap-
proach in comparison with other methods in a scenario where the
environment is invariant using both synthesized and recorded RIRs.
In case of the recorded RIR, we use the measured RIR from Sim-
Data of the REVERB Challenge (Kinoshita et al., 2013), where an
8 channel circular array with diameter of 20 cm was placed in
a 3.7 m x 5.5 m acoustic room.” The resulting signal was con-
taminated with additive babble noise from the same database at
a global reverberant SNR of 10 dB. Furthermore, in order to verify
the performance of the proposed approach in different amounts of
reverberation, we use the image source method (ISM) Lehmann to
synthesize RIRs with controllable Tgygp. In all cases, the anechoic
speech is convolved with the RIR to obtain the reverberant speech
signal. The geometry of the synthesized reverberant environment
with Tgogp ranging from 100 ms to 800 ms is shown in Fig. 3. The
global SNR is fixed at 15 dB for this experiment.

In case of the time-invariant RIR, we compare the proposed ap-
proach to the Lebart’s method (Lebart et al., 2001), the correlation-
based method in Erkelens and Heusdens (2010), the improved
model-based method in Bao and Zhu (2013) and the true (perfect)
LRSV estimator. The Lebart’s method is actually a special case of
the scheme in (10) with «(k) = 1. The correlation-based method,
as expressed by Eq. (26) in Erkelens and Heusdens (2010), is based
on obtaining Xz(k,1) by (20) and then smoothing it to estimate
the LRSV. Yet, due to the unavailability of long-term expectations
n (22), this method uses a recursive smoothing scheme to find the
prediction coefficients cq(k). The improved model-based method in
Bao and Zhu (2013) uses more than one term of the past spectral
variances of the reverberant speech in order to obtain a smoother
shape parameter and is in fact an extension of the model-based
method in Erkelens and Heusdens (2010). The latter, as expressed
by Eq. (51) in Erkelens and Heusdens (2010), exploits past es-
timates of the LRSV averaged over frequency bins to obtain the
shape parameter «(l). It should be noted that the correlation-based
and model-based methods in Erkelens and Heusdens (2010) are
developed respectively for time-invariant and time-variant RIRs. Fi-
nally, the true LRSV, which is used as a reference for comparison,
is obtained by temporal smoothing of the late reverberant magni-
tude spectrum. The latter can in turn be calculated by convolving

5 Only the RIR at the first channel is considered as the observation herein.
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Fig. 3. A two-dimensional schematic of the geometric setup used to synthesize the
time-invariant RIR by the ISM method.
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Fig. 4. Normalized error in the estimation of the LRSV w.r.t. to the case of using
the entire speech utterance, versus the processing block length for different rever-
beration times.

the anechoic speech with the late component of the RIR, i.e. that
excluding the first 60 ms.

To evaluate the efficiency of the proposed method w.r.t. the
length of processing blocks, we calculate a measure of the error
in the estimation of LRSV versus the block length for different re-
verberation times, as shown in Fig 4. For this figure, we consider a
3 s speech segment using processing block lengths of 0.1 to 1.5 s
to estimate the LRSV and calculated the following normalized error

162 (k.1 A) = 62 (k. D]
162 (k. DIl

e(A) = E (30)

where 5)%L (k,1, A) and 6)%L(k, I) respectively denote the estimated
LRSV using a block length of A and that using the entire speech
utterance, ||.||, is the ¢;-norm over frequency bins and E/{.} is the
expected value over frames. As observed in Fig. 4, for a processing
block length of 0.5 s, the relative error in the estimation of LRSV
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Fig. 5. Mean spectral variances using the recorded RIR from REVERB Challenge
(Kinoshita et al., 2013) for: (a) the true LRSV, the LRSV estimated using RIR vari-
ances and the proposed LRSV (b) the true LRSV, the LRSV estimated by the im-
proved model-based method (Bao and Zhu, 2013) and the one estimated by Lebart’s
method (Lebart et al., 2001).

is much smaller than that for shorter blocks of around 0.1 to 0.2 s,
and is almost close to that for longer blocks of 1 or even 1.5 s. In
fact, even though choosing a longer processing block reduces the
error defined in (30), due to the processing delay imposed by the
block length, a trade-off has to be considered in the choice of the
block length.

Next, to determine how close the estimated LRSVs are w.r.t.
the true LRSV, we investigate the mean spectral variances, which
are obtained by averaging the LRSVs over all frequency bins, as
in Habets et al. (2009). The results are illustrated in Fig. 5 for an
speech utterance of 425 frames. All mean spectral variance values
are lower thresholded for better illustration. In order to examine
how fast the methods can track abrupt changes in LRSV, we con-
sider a short period of deactivation for the anechoic speech around
the middle of the utterance. In Fig. 5 (a), the mean spectral vari-
ance of the proposed LRSV compared to that of the true LRSV and
the LRSV obtained by using the knowledge of RIR variances are
shown. The latter, which is used as another reference method for
comparison, is obtained by using the available RIR, i.e. h(n), as the
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Fig. 6. Mean segmental error for different LRSV estimators using the synthesized
RIRs by the ISM method Lehmann with a source-to-microphone distances of (a):
1 m(b): 2 m.

following. First, we calculate the DRR as
Yy [h(m)]?
Yy [hm)]2

and then we use the calculated DRR in (11) to obtain the shape
parameter «. The latter is next used in the smoothing scheme in
(10), as in Habets et al. (2009). It is observed that the proposed
LRSV is able to closely track the true LRSV and the one by using
RIR variances, even in the duration of the abrupt drops/rises. As
seen in Fig. 5 (b), the Lebart’s (Lebart et al., 2001) and the im-
proved model-based (Bao and Zhu, 2013) methods, still follow the
LRSV but with larger errors and more delays w.r.t. the true LRSV.

Next, to evaluate the error in the proposed and considered LRSV
estimation methods w.r.t. the true LRSV estimate, we calculate the
mean segmental error for different reverberation times, as shown
in Fig. 6. The mean segmental error can be computed by Habets
et al. (2009)

DRR(k) = (31)

E{162 (k. 1) — 02 (k. |2)
E{lo2 (k.1)|?}

ErTseg = E| (32)

where 6§L(k, ) and o)%L (k,1) are respectively the estimated and
true LRSVs, and E){.} and E,{.} respectively denote the expectation
over frames and frequency bins. As seen in Fig. 6, for both source-
to-microphone distances of 1 m and 2 m, the proposed LRSV esti-
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Table 1
Performance measures using the recorded RIR from REVERB Challenge.

Method PESQ (D FWSNR  SRMR
Unprocessed 1.87 497 3.64 4.04
True LRSV 225 440 6.70 6.74
Proposed method 213 4.61 5.89 591
Method in Bao and Zhu (2013) 2.03 4.82 5.26 5.58
Method in Erkelens and Heusdens (2010) 1.97 4.88 5.10 5.52
Lebart’s method (Lebart et al., 2001) 1.88 5.03 465 511

mator attains smaller errors in the entire range of Tgg45, as com-
pared to the other methods.

In order to evaluate the reverberation suppression achieved
by exploiting the proposed LRSV estimation approach in a gain
function-based SE method, we employ the popular Bayesian log-
spectral amplitude (LSA) gain function in Ephraim and Malah
(1985). This scheme tends to perform late reverberation suppres-
sion using the true and estimated LRSVs. The a priori signal-to-
reverberation ratio (SRR) required by the gain function is esti-
mated by the DD approach (Ephraim and Malah, 1984), and to ob-
tain the best subjective performance, the LSA gain function was
lower bounded to —10 dB. In Table 1, the four aforementioned
performance scores have been respectively shown for the unpro-
cessed speech and the enhanced one by using the true LRSV,
proposed LRSV, improved model-based method (Bao and Zhu,
2013), correlation-based method (Erkelens and Heusdens, 2010)
and Lebart’s method (Lebart et al., 2001). The results are obtained
by using the recorded RIR from the REVERB Challenge dataset
(Kinoshita et al., 2013). Furthermore, the same performance scores
have been reported in Table 2 for the case of synthetic RIRs us-
ing the ISM method with Tggg4p changing from 200 ms to 800 ms
and the source-to-microphone distance of 1 m. It is seen that the
proposed method is able to achieve the closest performance to the
true LRSV as compared to the others. While the improved model-
based method performs slightly better than the correlation-based
method, the Lebart’s method has the lowest scores. Furthermore,
it can be inferred that as Tgygp is increased, the performance of
all LRSV estimation methods degrades w.r.t. that of the true LRSV,
indicating that the estimation of LRSV is a more challenging prob-
lem for highly reverberant environments. This is consistent with
the results obtained for the mean segmental error in Fig. 6. Table 3
shows the same trend for a source-to-microphone distance of 2 m,
resulting in slightly degraded performance as compared to Table 2.
It is found that the relative performance of the considered meth-
ods in terms of the four investigated scores is consistent.

4.3. Performance in time-varying RIRS

In this part, we evaluate the relative performance of the pro-
posed LRSV estimation method in a scenario where the RIR is
time-variant. In Fig. 7, an illustration of this scenario where the
ISM method is used to generate the corresponding impulse re-
sponses is shown. As seen, a talker is moving from the initial point
at t=0 to the ending position at t=10 s along a straight line, result-
ing in a variable impulse response for the source-to-microphone
channel. Here, we estimate the continuous trajectory by 20 dis-
crete points and obtain the corresponding RIR for each point by
using the ISM method. Next, a 10 s anechoic speech utterance is
segmented into 20 utterances and the resulting utterances are fil-
tered by the generated RIRs at the discrete points. The entire re-
verberant speech sample is generated next by combining the 20
individual segments. In this way, the continuous trajectory is well
approximated by the 20 discrete points.

In Fig. 8, the mean spectral variances are shown for the true
LRSV, the one obtained by the knowledge of RIR variances, the es-

Te0ap =100-800 msec

H=12m

1 5m i Sensor

Sm

2m

Height = 3m

Fig. 7. A two-dimensional schematic of the geometric setup used to synthesize the
time-variant RIR (moving talker) by the ISM method.

4m

timated LRSV by the proposed and other methods. It is observed
that, whereas the proposed method is able to follow the true LRSV
with visibly good precision, the other indicated methods track the
changes in the true LRSV with a higher error which becomes larger
in the location of abrupt decays and rises. Yet, the proposed LRSV
estimator proves to be more robust against the abrupt changes in
the LRSV values due to its adaptation with the changing RIR.

Next, we evaluate the mean segmental error in (32) in case
of the time-varying RIR for the proposed method along with
the improved model-based method (Bao and Zhu, 2013), model-
based method (Erkelens and Heusdens, 2010) and Lebart’s method
(Lebart et al., 2001). As observed in Fig. 9, the same trend as that
for the time-invariant RIR applies for the proposed method achiev-
ing the closest result to the true LRSV, whereas the model-based
and improved model-based methods provide almost the same re-
sults particularly at higher reverberation times.

We further evaluate the reverberation suppression performance
of the proposed and other methods in terms of the four aforemen-
tioned objective performance scores. In this respect, we consider
the time-variant RIR scenario in Fig. 7 and compare our LRSV es-
timation method with the other methods. The results have been
reported in Table 4 for the vertical distance H in Fig. 7 to be
1 m. Based on these results, it can be inferred that in general,
the performance scores of all methods falls below those in case of
time-invariant RIR. Consistent with all the performance scores, it
is observed that the proposed method achieves considerably closer
scores to those obtained by the true LRSV, even in higher reverber-
ation times where the performance scores of the other methods
are further degraded. This shows the advantage of the proposed
method especially for changing environments. Also, it is seen that
while the model-based and improved model-based methods result
in almost same scores, the performance of the Lebart’s method, i.e.
that with a constant shape parameter, is deteriorated further than
that in the case of time-invariant RIR. This shows the importance
of adapting the shape parameter to the changing RIR in the esti-
mation of LRSV.
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Table 2
Performance measures using the ISM method for a source-to-microphone distance of
1 m.

PESQ

Teoqp (MS) 200 400 600 800
Unprocessed 2.31 214 192 1.78
True LRSV 283 261 237 216
Proposed method 275 248 221 197
Improved model-based (Bao and Zhu, 2013) 2.71 243 214 190
Correlation-based (Erkelens and Heusdens, 2010)  2.70  2.41 212 1.88
Lebart’s method (Lebart et al., 2001) 2.63 2.32 1.99 1.81

cD
Teoqp (MS) 200 400 600 800
Unprocessed 3.72 4.06 4.65 5.48
True LRSV 303 339 411 5.06
Proposed method 312 3.51 426 524
Improved model-based (Bao and Zhu, 2013) 3.18 359 434 533
Correlation-based (Erkelens and Heusdens, 2010) 320  3.63 437 5.36
Lebart’s method (Lebart et al., 2001) 326 373 448 544
FWSNR (dB)
Teoqp (MS) 200 400 600 800
Unprocessed 6.03 512 4.16 3.04
True LRSV 9.21 803 697 590
Proposed method 869 732 6.27 4,95
Improved model-based (Bao and Zhu, 2013) 8.38 6.99 6.02 4.61
Correlation-based (Erkelens and Heusdens, 2010)  8.35 6.90 5.87 448
Lebart’s method (Lebart et al., 2001) 8.02 6.64 549 416
SRMR (dB)
Teoqp (MS) 200 400 600 800
Unprocessed 6.56 5.58 4.50 3.47
True LRSV 963 849 732 6.25
Proposed method 897 768 6.54 522
Improved model-based (Bao and Zhu, 2013) 8.60 728 6.27 495
Correlation-based (Erkelens and Heusdens, 2010)  8.57 714 6.00 4.84
Lebart’s method (Lebart et al., 2001) 835 691 568 445
Table 3

Performance measures using the ISM method for a source-to-microphone distance of
2m.

PESQ

Teogp (MS) 200 400 600 800
Unprocessed 2.28 212 1.87 175
True LRSV 2.81 259 233 215
Proposed method 2.72 246 220 194
Improved model-based (Bao and Zhu, 2013) 268 239 210 1.88
Correlation-based (Erkelens and Heusdens, 2010)  2.66  2.38 2.09 1.86
Lebart’s method (Lebart et al., 2001) 2.60 2.29 1.96 1.78

cD
Teogp (MS) 200 400 600 800
Unprocessed 3.76 4.08 4.71 5.57
True LRSV 3.08 345 420 515
Proposed method 3.16 356 431 523
Improved model-based (Bao and Zhu, 2013) 3.21 363 440 5.39
Correlation-based (Erkelens and Heusdens, 2010) 324  3.67 446 5.42
Lebart’s method (Lebart et al., 2001) 330 378 457 551
FWSNR (dB)
Teoqp (MS) 200 400 600 800
Unprocessed 592 490 400 284
True LRSV 9.04 788 679 571
Proposed method 8.57 7.18 6.09 4.80
Improved model-based (Bao and Zhu, 2013) 824 683 587 445
Correlation-based (Erkelens and Heusdens, 2010)  8.33 7.03 5.97 4.7
Lebart’s method (Lebart et al., 2001) 8.18 6.69 545 431
SRMR (dB)

Teogp (MS) 200 400 600 800
Unprocessed 6.41 5.35 429 3.30
True LRSV 952 830 719 6.08
Proposed method 881 749 642 510
Improved model-based (Bao and Zhu, 2013) 8.47 715 6.13 4.80

Correlation-based (Erkelens and Heusdens, 2010)  8.33 7.03 5.97 471
Lebart's method (Lebart et al., 2001) 8.03 6.59 540 4.22
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Fig. 8. Mean spectral variances for: (a) the true LRSV, the LRSV estimated using
RIR variances and the proposed LRSV (b) the true LRSV, the LRSV estimated by the
improved model-based method (Bao and Zhu, 2013) and the one estimated by the
Lebart’s method (Lebart et al., 2001).

In order to demonstrate the advantage of the proposed LRSV es-
timation method against the previous methods in real world time-
varying environments, we use the RevDyn speech database avail-
able at Schwarz (2017). In this experimentation, the recordings
were performed in a room with dimensions of 6 m x 5.9 m x
2.3 m and a Tggp of 750 ms. The experiments involve speaking
in different locations in the room and walking naturally between
them. Also, there are other experiments where only slight move-
ments such as head turning, sitting down and standing up are con-
sidered. The speaker-to-microphone distance varies between 2 m
and 3.8 m. To take into account the effect of background noise,
we also add babble noise to the recorded reverberant signals at
different reverberant SNRs in the range of [5, 20] dB. Since the in-
accuracy in the estimation of the spectral variance, LRSV, can also
appear as distortion in the enhanced speech, we focus this time
on the resulting distortion introduced by using each of the LRSV
estimators. We here employ two frequently used measures of dis-
tortion, namely, the log-spectral distance (LSD) (Habets, 2007) and
the Mel-frequency cepstral coefficients (MFCC) (Zheng et al., 2001)
distance. Spectral domain measures, e.g. the LSD, are often less in-
fluenced by time misalignments between the clean and enhanced
speech. We therefore use the LSD as one of the oldest distortion
measures exploited for speech enhancement, which can be formed
by the ¢p-norm of the difference between the log-STFT of the ane-
choic and reverberant/dereverberated signals (Habets, 2007). As

or —o—Proposed LRSV b
—&— Improved model-based method [16] y
—O— Model-based method [15]
—A—Lebart's method [13]

Mean segmental error (dB)

—0—Proposed LRSV
—&— Improved model-based method [16] N
—O©— Model-based method [15]
—A— Lebart's method [13]

Mean segmental error (dB)

100 200 300 400 500 600 700 800

T 60dB (msec)

Fig. 9. Mean segmental error for different LRSV estimators using the configuration
in Fig. 7 with H as (a): 1 m (b): 2 m.

well, we use the MSE between the MFCC of the anechoic and en-
hanced signals, to have a more complete performance assessment
in the case of noisy reverberant environments, since the MFCC co-
efficients are rather sensitive to background noise (Zheng et al.,
2001; Bao and Zhu, 2013). The MFCC distance, in addition to the
audible quality of speech, is related to automatic speech recog-
nition (ASR) performance and has been used as one of the main
features for ASR systems. The corresponding results are shown in
Fig. 10 versus different noise levels. The presented values are av-
erages for three different scenarios from Schwarz (2017). As ob-
served, the smaller LSD and MFCC distances for the proposed LRSV
estimator is indicative of a lower distortion implied by using our
approach, as compared to the rest of the methods. This demon-
strates the advantage of the proposed method in changing envi-
ronments where the RIR is time-variant. It has to be noted that,
for SNR values of 5 dB and lower, the problem becomes more of a
joint noise and reverberation suppression, and therefore, the per-
formance of all employed methods tends to degrade.

The main contribution of the proposed LRSV estimation ap-
proach has two aspects: the selection of the shape parameter «(k,
I) by (13) and the MA-based method to estimate the reverberant-
only component Xg(k, ) by (21). The latter method, in fact, plays
an important role in the entire LRSV estimation approach by elim-
inating the direct-path component from the observed reverber-
ant speech. In order to show the pure advantage with the pro-
posed scheme for the estimation of Xy(k, I), we employ the WPE-
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Table 4

Performance measures for the time-variant RIR in Fig. 7 with H = 1 m.
PESQ
Tsoqs (M) 200 400 600 800
Unprocessed 2.28 213 192 177
True LRSV 276 258 229 210
Proposed method 2.71 240 216 1.93

Improved model-based (Bao and Zhu, 2013) 266 235 2.10 1.84
Model-based (Erkelens and Heusdens, 2010)  2.66 236 2.09 183

Lebart’s method (Lebart et al., 2001) 256 227 1.93 1.76
cD

Teoap (MS) 200 400 600 800

Unprocessed 3.80 4.09 465 5.49

True LRSV 3.16 354 426 528

Proposed method 320 362 437 539

Improved model-based (Bao and Zhu, 2013) 325  3.71 450 544
Model-based (Erkelens and Heusdens, 2010) 326  3.71 4,52 5.45

Lebart’s method (Lebart et al., 2001) 3.31 3.77 461 5.52
FWSNR (dB)

Teoqp (MS) 200 400 600 800

Unprocessed 5.90 5.07 415 3.02

True LRSV 897 782 6.69 563

Proposed method 830 721 6.02 4.60

Improved model-based (Bao and Zhu, 2013) 8.21 6.70 5,52  4.08
Model-based (Erkelens and Heusdens, 2010)  8.20 6.68 552 4.06

Lebart’s method (Lebart et al., 2001) 7.92 643 518 3.81
SRMR (dB)

Teoap (MS) 200 400 600 800

Unprocessed 6.48 555 451 344

True LRSV 9.46 8.21 6.97 5.90

Proposed method 864 732 622 491

Improved model-based (Bao and Zhu, 2013) 832 696 592 460
Model-based (Erkelens and Heusdens, 2010)  8.30 6.92 584 457
Lebart’s method (Lebart et al., 2001) 8.03 6.59 540 422

based scheme in (13) to obtain the shape parameter in the re-
cursive smoothing step in different LRSV estimation methods from
the literature. The corresponding PESQ measure for the resulting
combination of the LRSV estimation methods with the scheme in
(13) along with that for the proposed approach have been shown
in Fig. 11 for the same scenario as Table 4. Apart from the improve-
ment of the underlying methods as compared to Table 4, it can be
observed that the proposed approach still outperforms the rest of
the LRSV estimation methods, which is due to the benefit from the
reverberant-only estimation scheme provided by (13).

As aforementioned, we used the LSA gain function in Ephraim
and Malah (1985) as the underlying SE method to suppress the
late reverberation for our experiments. In fact, we experimented
that the most efficient gain function-based SE method for the sup-
pression of late reverberation is the log-MMSE method, i.e. the LSA
gain function, in Ephraim and Malah (1985) and that the other
more recent similar methods did not provide further performance
advantage®. Nevertheless, in order to show the applicability of the
proposed LRSV estimation to different gain function-based SE tech-
niques, we here present an experiment with a few of the other
such techniques, namely, the traditional Wiener filtering (Loizou,
2013), a version of the spectral subtractive method (Loizou, 2013),
and the MAP amplitude estimation with a super-Gaussian speech
prior (Lotter and Vary, 2005). The resulting PESQ scores for the
same scenario as Table 4 are presented in Fig. 12 with the pro-
posed LRSV estimator used in different gain functions to suppress
late reverberation. It can be inferred that, while the LSA gain func-
tion performs best, the rest of the methods score almost closely to
this gain function when using the proposed LRSV approach.

6 This is in contrast with the gain function-based noise reduction where there are
plenty of gain functions and their modified versions, being able to provide further
enhancement. For a complete literature review on this, the reader is referred to
Parchami et al. (2016).
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Fig. 10. (a): Log-spectral distance (lower is better) and (b): MFCC distance (lower
is better), versus the reverberant SNR for the time-varying acoustic scenario in
Schwarz (2017) using different methods.
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Fig. 11. Performance comparison of different LRSV estimation methods using the
proposed WPE-based shape parameter in (13) in their recursive smoothing scheme.
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Fig. 12. Performance comparison of different gain function-based SE methods with
the proposed LRSV estimation approach.

5. Conclusion

We proposed a model-based estimator for the spectral variance
of the late reverberant speech using a modification of the WPE
dereverberation method. The suggested approach employs the WPE
method in an incremental processing manner with a short delay,
where preliminary estimates of the reverberant and direct-path
components of speech are extracted from each processing block.
These estimates are further exploited in a model-based smooth-
ing scheme to estimate the LRSV. We evaluated the performance of
the proposed LRSV estimation method in terms of different perfor-
mance measures recommended by the REVERB Challenge in both
time-invariant and time-variant acoustic environments. According
to the experiments, the proposed LRSV estimator outperforms the
previous major methods considerably and scores the closest re-
sults to the theoretically true LRSV estimator. Particularly, in case
of changing RIRs where other methods fail to precisely follow the
true LRSV estimator, our estimator is able to track the true LRSV
values closely. The proposed approach is performed in a blind way
and does not require any prior information about the speech or
acoustic parameters. Future work in this direction involves taking
into account the inherent correlation of the early and late rever-
berant components of speech, reducing the processing block length
and making the proposed approach robust against fast changes in
the RIR.
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