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Abstract
This paper illustrates a new system for recovering clean speech
signals from noisy acoustical environments using one microphone. At the beginning of this paper, we propose an assumption that the background noise is comprised of reverberant noise
and direct-path noise. And a novel late reverberant spectral variance (LRSV) estimator is generated referring to this assumption, which can be used in the noisy acoustical environments.
What’s more, the shape parameters of this LRSV estimator are
updated by taking some frames of previous late reverberation
into account. At last, a new spectral process system is developed to help making the LRSV estimator more efficient. The
experimental results show the benefits of our new system when
it is used to reduce the interference in both noise-free and noisy
acoustical environments.
Index Terms: statistical reverberation model; late reverberant
spectral variance estimator; spectral processing

1. Introduction
Speech signals captured by a distant microphone in a confined
room are often corrupted by both reverberation and background
noise. This distortion is detrimental to the perceived quality
and intelligibility and often cause serious degradation in many
speech applications, such as automatic speech recognition (ASR) [1, 2, 3]. It has been reported that the ASR performance cannot be improved even applying the acoustic models that have
been trained with a matched reverberation condition when the
reverberation time (T60 ) is more than 0.5 seconds [4]. Therefore, the dereverberation of such speech signals is essential for
speech applications.
Fortunately, a lot of work has been done on the development of dereverberation methods during the past two decades,
especially in model-based method. The main idea of this
method is assuming that the early and late reverberant speech
component are mutually independent, and the suppression of
late reverberant spectral variance (LRSV) is commonly carried
out in the short-time Fourier transform (STFT) domain using
so-called spectral enhancement algorithm. In the last decade,
several LRSV estimators have been developed [5, 6, 7, 8]. In
[5], the LRSV estimator is derived under the condition that the
source-microphone distance is larger than the critical distance.
However, this LRSV estimator may overestimate the LRSV
when the source-microphone distance is smaller than the critical distance. To overcome this problem, Habets derives a more
general LRSV estimator using a statistical reverberation model
that takes the energy contribution of the direct-path into account
[8]. These model-based LRSV estimators are limited to modeling the room impulse responses (RIRs) as time-invariant re-
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alizations of a stochastic process. In order to extend the LRSV
estimator to time-varying environments, Erkelens proposes a statistical model for time-varying RIRs and derives the estimator
under only a few mild conditions [7]. However, this LRSV estimator is not accurate enough since the shape parameter κ which
is used for estimating the LRSV is sensitive to the denoised signal in noisy environments.
In this paper, we derive a new LRSV estimator in noisy
and reverberant environments by applying the same statistical
model as that proposed by Erkelens in [7], but using a novel assumption that the background noise is comprised of reverberant
noise and direct-path noise corresponding to the reverberation
and direct-path speech respectively. To achieve high accuracy
of the LRSV estimator, its parameter κ is updated by taking
some frames of previous late reverberation into account. In our
work, a new spectral process system is also developed for the
proposed LRSV estimator.
The paper is organized as follows. In Section 2, the statistical reverberation model is introduced and the LRSV estimator is
derived. A new spectral process system for dereverberation and
noise reduction is developed in Section 3. The performance of
the proposed system is analyzed with practical RIRs in Section
4. Finally, in Section 5, we present our concluding comments.

2. Signal Model and LRSV Estimator
Both statistical reverberant models for RIRs and these modelbased LRSV estimators have been widespread reported as mentioned above, for these model-based estimators can lead to a
simple expression for the LRSV depending on past values of the
spectral variance of the noise-free reverberant signals. When
noisy and reverberant signals are captured, the background
noise is first mitigated by the speech enhancement method, and
the LRSV is then estimated by the LRSV estimator according to
the denoised signals. It seems that the model-based method is
effective for such speech signals. However, we should note that
the background noise cannot be eliminated completely and the
speech enhancement algorithm may also distort the reverberant
speech, which will degrade the performance of the LRSV estimator. Because of this, we investigate LRSV estimator further
for noisy and reverberant signals.
2.1. LRSV estimator
We suppose the noise-free reverberant speech signal x(n) results from the convolution of a source speech signal s(n) and a
possibly time-varying RIRs h(n), and the observed signal z(n)
to be the sum of the noise-free reverberant speech signal x(n)
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and the additive noise d(n), independent of s(n)
z(n) = x(n) + d(n) =

∞
∑

hn (l)s(n − l) + d(n),

(1)

discrete Fourier transform (DFT) coefficients at frequency index k of the signal frame starting at sample index m from the
observed signal, reverberant component, direct-path signal, and
the direct path noise. According to (5) we have

l=0

where n is the discrete-time sample index, the additive noise
d(n) might be stationary or non-stationary. The RIR model is
an i.i.d Gaussian noise sequence with exponentially decaying
variance for reverberant path and a delta pulse for direct path,
as follows [7]
{
1,
for l = 0
hn (l) =
,
(2)
−δn l
rn (l)e
,
for l ≥ 1

Z(k, m) = S(k, m) + Zr (k, m) + D(k, m),
where Zr (k, m) can be written as
Zr (k, m) = Zl (k, m) + Ze (k, m),
Zl (k, m) =

δn =

3 ln(10)
,
T60 (n)Fs

σr2 (n) =

e2δn − 1
,
DRR(n)

(3)

where Fs is the sampling frequency. In this paper, the decay
rate δn , the reverberation time T60 (n), and the variance σr2 (n)
mentioned above are all assumed to change slowly over time at
any acoustical environments.
We assume the additive noise d(n) can be separated into two components, i.e., the reverberant noise dr (n) and the directpath noise dd (n). The reverberant noise dr is assumed to be the
convolution of the RIRs h(n) and a random signal v(n)
d(n) = dr (n) + dd (n) =

∞
∑

hn (l)v(n − l) + dd (n). (4)

l=1

Note that the random signal v(n) is independent of direct
path noise dd (n) which also means we can divide the background noise into reverberant noise and direct path noise with
no doubt, as these two items are uncorrelated.
Under this assumption, the observed signal z(n) can be
rewritten as
z(n) = s(n) +
= s(n) +

∞
∑
l=1
∞
∑

hn (l)s(n − l) + dr (n) + dd (n)
(5)

hn (l)s′ (n − l) + dd (n)

l=1

= s(n) + dd (n) + zr (n),
where s′ (n) = s(n) + v(n) denotes
∑the speech ′s(n) contaminated by the signal v(n), zr (n) = ∞
l=1 hn (l)s (n − l) is the
reverberant component of the observed signal. Suppose the reverberant component is consist of late reverberation zl (n) and
early reverberation ze (n)
zr (n) = ze (n) + zl (n)
=

L
∑

′

hn (l)s (n − l) +

l=1

∞
∑

w(n)

N
−1
∑
n=0

∞
∑

hm+n (l)s′ (m + n − l)Wk,n ,

l=L+1

w(n)

L
∑

hm+n (l)s′ (m + n − l)Wk,n ,

l=1

(8)
where N is the frame length, w(n) is an analysis window, and
Wk,n = e−2πikn/N . Zl and Ze denote the late reverberation
and early reverberation respectively. Using the similar assumption as proposed in [9], we can conclude the spectral variance
of the late reverberation can be written as
λl (k, m) ≈ e−2δ̃m L (λe (k, m − L) + λl (k, m − L))
= e−2δ̃m L (κm−L λz (k, m − L) + (1 − κm−L )λl (k, m − L)),
(9)
where λz (k, m) and λl (k, m) are the spectral variance of the
observed signal and the spectral variance of the late reverberation. And κm is defined as
κm = λe (k, m)/(λs (k, m) + λd (k, m) + λe (k, m)), (10)
where λe (k, m), λs (k, m) and λd (k, m) are the spectral variance of the early reverberation, the spectral variance of the
direct-path speech and the spectral variance of the direct-path
noise respectively.
Note that, our estimator has one potential advantage over
the existing estimators. Formula (4) divides the background
into two parts named reverberant noise and direct path noise.
Then, these two parts are added into reverberant component of
speech and direct path speech respectively in formula (5). When
(10) in practice, we can estimate the LRSV (including spectral
variance of late reverberant noise and late reverberant speech)
directly from the observed signals without estimating and suppressing the background noise first. After dereverberation, the
direct path noise remaining in the dereverberanted speech can
be suppressed by the speech enhancement method, and a cleaner speech signal is recovered. Compared with the existing estimators that always estimate the LRSV according to the estimation result of the spectral variance of additive noise, our estimator can obtain more precise values without distortion since
the estimation of LRSV comes before the noise suppression.
Moreover, even if there are some estimation errors produced by
the LRSV estimator, these errors can be mitigated by the noise
suppression.
2.2. Estimation of the Shape Parameters

′

hn (l)s (n − l),

(6)

l=L+1

where L is the interval after which the late reverberation is assumed to start.
Let Z(k, m), Zr (k, m), S(k, m) and D(k, m) be
complex-valued random variables representing the short-time
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N
−1
∑
n=0

Ze (k, m) =
where rn (l) is a zero-mean i.i.d Gaussian process with variance
σr2 (n) ≤ 1. The decay rate δn depends on the reverberation
time T60 of the room, and the variance σr2 (n) depends on directto-reverberation ratio (DRR) as follows [7]

(7)

The LRSV estimator (10) requires blind estimation of the shape
parameters T60 and κm . Several blind single-channel estimation methods of T60 and κm have been proposed recently
[5, 7, 10]. In this paper, we measure T60 with the Schroeder’s
method as usual, one may refer to [11] for details.
Erkelens [9] has proved that the coefficient κm will be a
constant if the speech signal is stationary during an interval of

155

L + 1 samples and the RIR taps change little during a frame
length, or κm becomes frequency dependent if RIRs change
quickly. In [7], the author makes use of Lebart’s estimator to
detect whether κm is too small, and update κm only when its
value is either too large or too small, referring to [7] for details.
However, we should note that the estimation of κm is influenced by the errors in the estimated reverberant spectral variance. To avoid this, we use the spectral variance of the observed
signal instead. The detail steps are presented as follows
1 Let λz (m) be the spectral variance of the observed signal
(including reverberation and additive noise), iterations
K = L/R + 1, λRbuf 1 = 0, · · · , λRbuf K = 0 are
the estimation values of LRSVs of the previous frames
between the frame m − L and the frame m. let m = 1
denotes the first frame in STFT domain, and M is the
total frame number.
2 Repeat the following for K times.
{
}
λli (m) ≈ e−2δm L κm λz (m−L)+(1−κm )λRbuf 1 ,
κ∗m

= (e

2δ̂m L

Z ( k , m)
Late
reverberation
estimator

κmi = ηκm + (1 −

λli (m) = min(λli (m), λz (m)),
λRbuf 1 = λRbuf 2 , · · · , λRbuf k = λRbuf K , λRbuf K =
λli (m),
i = i + 1.
3 Let λl (m) = λlK (m) and κm+R = κmK .
4 if m < M , m = m + 1, and back to 2.
where i is the index ranging from 1 to K. It is noted that λz
is the spectral power of the observed signal, which should not
be estimated before updating the coefficient κm . Moreover, the
estimation values of LRSVs of the previous frames between the
frame m−L and the frame m are taken into account to estimate
the LRSV of the current frame. Therefore, the parameter κm
is updated for K times in each frame until it converges to a
suitable value for calculating the value of LRSV.

3. Spectral Processing in Noisy
Reverberant Environment
The noisy and reverberant speech signal z(n), can be written
as the sum of the noise-free reverberant speech signal x(n) and
additive noise d(n) as
z(n) = x(n) + d(n) = h(n) ∗ s(n) + d(n).
The goal of dereverberation is to obtain an estimation ŝ(n) of
the speech signal. Recently, spectral enhancement techniques
have been used for speech dereverberation [5, 6, 7]. However,
there are two weak points of the proposed methods. First, when
the additive noise is small, the value of the noise spectral variance λd should be small, and if the estimation of noise variance
λ̂d is a little different from λd , the prior SNR and posterior SNR may change a lot, which makes the estimation of X̂(k, m)
not accuracy. Second, the LRSV estimator relate the late reverberation to the denoised signal, and if the estimation of the
denoised speech X̂(k, m) inaccuracy, the performance of the
dereverberation might degrade much. To overcome these weak
points, the system is modified as shown in Fig.1.
For details, the spectral variance of late reverberation λ̂l
is estimated first by the LRSV estimator (10). The noisy and
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Gain function G

Xˆ de k , m

Oˆr k , m
Noise estimator

Oˆve k , m

Figure 1: The proposed spectral processing system

dereverberated speech (NDRS) Ẑnd (k, m) is obtained by using
the spectral gain function.
Ẑnd (k, m) = G(ξˆr (k, m)′ , ζ̂r (k, m)′ )Z(k, m)

(11)

with
λnd (k, m)
ξˆr (k, m)′ =
λ̂l (k, m)

λz (m)−λRbuf 1 )/(λz (m−L)−λRbuf 1 ),
η) min[max[κ∗m , 0], 1],

Oˆr k , m

and
ζ̂r (k, m)′ =

Z(k, m)

(12)

2

λ̂l (k, m)

(13)

where λnd (k, m) is the spectral variance of the NDRS.
After dereverberation, the spectral variance of the direct
path noise λ̂d is then estimated by the Data-driven noise tracking method [12].

4. Experimental Results
In this section, we present experimental results to show the effectiveness of the developed system. Two preliminary experiments are present. One is to evaluate the performance of proposed parameter estimation method in Section 2.2 in noise-free
acoustical environment, and the other is to demonstrate that the
developed system is better than the existing systems in noisy
acoustical environments.
We take the Microsoft Research Asia (MSRA) Chinese testing corpus with 500 utterances about 0.74h length (Fs=8kHz)
for our experiments. The time-invariant RIRs are the downsampled versions of the measured RIRs from Aachen Impulse Response (AIR) database [13]. And five different kinds
of environments from this database named ’straitway’, ’meeting’, ’Corridor’, ’office’ and ’bathroom’ are taken as examples. The non-stationary background noise is download from
http : //www.f reesound.com named Cars passing.wav,
whose variance is estimated by using the method in [12]. The
system uses a frame length N of 256 samples (32ms for a sampling frequency of 8kHz). For the model-based LRSV estimator, 50% overlap between frames (R = N/2) is used. Squareroot Hanning analysis and synthesis windows are applied. We
set L = N in the LRSV estimator, and we set the smoothing
parameter η = 0.95, which is used for updating the parameter
κm . The gain function for spectral amplitude estimation is assumed to be a generalized Gamma speech prior with parameters
γ = 1 and ν = 1 [7].
The experimental task is to estimate the corresponding
clean speech signal in an offline manner. The results of individual trials are evaluated in terms of Mel-frequency cepstral
coefficient (MFCC) distance, since the MFCC distance is related to both the audible quality of speech and the automatic
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speech recognition performance [14]. In this paper, 13th-order
MFCCs(including zeroth order component) are applied, and the
MFCC distance DM F CC is defined as
DM F CC =

M −1 12
1 ∑ ∑
(cm,k′ − ĉm,k′ )2 ,
M m=0 ′

(14)

k =0

where M is the number of short-time segments, cm,k′ and ĉm,k′
ae the k ′ th MFCCs of s(n) and ŝ(n), respectively. Further,
word recognition rate (WRR) is also used to demonstrate the
effectiveness of the proposed system. For the WRR, 13th-order
MFCCs (including zeroth order component) + ∆ + ∆∆ are employed to characterize the speech signal. Tradition GMM model
which is depicted in the HTK tutorial is also used here. Under
this model, the WRR of the clean speech is about 66.7%.
In the first experiment, we validate the proposed method
can generate more appropriate parameter κm for updating
the LRSV in noise-free acoustical environments. The timeinvariant RIRs are obtained from the AIR database as mentioned above. The T60 and DRR are measured by the Schroeder
method [11].
Table 1 shows the MFCC distances averaged over 500 utterances for individual system settings in noise-free environment.
The estimation of T60 of ’stairway’, ’meeting’, ’corridor’, ’office’ and ’bathroom’ are 0.839, 0.329, 2.049, 0.585 and 0.439
seconds respectively.

Figure 2: Word recognition rate in noisy ’Office’ environments
at different SNRs
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