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ABSTRACT 
In this paper, a new subspace-based speech 

enhancement algorithm is presented. First, we construct a 
perceptual filterbank from psycho-acoustic model and 
incorporate it with the subspace-based enhancement 
approach. This filterbank is created through a five-level 
wavelet packet decomposition. Next, the prior SNR of each 
critical band are taken to decide the attenuation factor of 
the optimal linear estimator. Three different types of in-car 
noises in TAICAR database were used in our evaluation. 
The experimental results demonstrated that our approach 
outperformed conventional subspace and spectral 
subtraction methods. 

 
1. Introduction 

Traditionally, the signal subspace approach has been 
successfully applied to frequency estimation, direction of 
arrival estimation, and system identification. It is only 
recently that it was applied to speech enhancement. The 
idea behind it is to project the noisy signal onto two 
subspaces: the signal-plus-noise subspace, or simply signal 
subspace (since the signal dominates this subspace), and 
the noise subspace. The noise subspace contains signals 
from the noise process only, hence an estimate of the clean 
signal can be made by removing the components of the 
signal in the noise subspace and retaining only the 
components of the signal in the signal subspace. The 
decomposition of the space into two subspaces can be done 
using either the singular value decomposition  [1], [2] or 
the eigenvalue decomposition [3], [4]. 

Ephraim and Van Trees [3] proposed a subspace-
based speech enhancement which it seeks for an optimal 
estimator that would minimize the speech distortion subject 
to the constraint that the residual noise fell below a preset 
threshold. Using the eigenvalue decomposition of the 
covariance matrix, it shows that the decomposition of the 
vector space of the noisy speech into a signal and noise 
subspace can be obtained by applying the Karhunen-Loeve 
transform (KLT) to the noisy speech. The KLT 
components representing the signal subspace were 
modified by a gain function determined by the estimator, 
while the remaining KLT components representing the 
noise subspace were nulled. The enhanced speech was 
obtained from the inverse KLT of the modified 
components.  

The work done by Ephraim and Van Trees got high 
attraction in recent years. In [3], the additive noise was 
assumed to be white. Good performance was demonstrated 
in simulations when the computer generated white 
Gaussian was introduced. For enhancing speech degraded 
by colored noise, Mittal et al. [5] presented a signal/noise 
KLT based approach. They classified the noisy speech 
frames into speech-dominated frames and noise-dominated 
frames. The signal KLT matrix and noise KLT matrix were 

used in speech-dominated and noise dominated frames, 
respectively. Rezayee et al. [4] assumed the covariance 
matrix of the KLT-transformed noise was diagonal. In 
practical situations, the assumed model was more accurate 
and matches noise behaviors better than the white noise 
model. Hu et al. [6] proposed a generalized subspace 
approach to deal with colored noise. A nonunitary 
transform derived from the simultaneous diagonalization of 
the clean speech and noise covariance matrices was used to 
replace the KLT. This transform had built-in prewhitening 
and could be used in general for colored noise. 

In this paper, a new speech enhancement technique 
based on perceptual filterbank and subspace-based method 
is proposed. The perceptual filterbank is obtained by 
adjusting the decomposition tree structure of the 
conventional wavelet packet transform in order to 
approximate the critical bands of the psycho-acoustic 
model as close as possible. The prior signal-to-noise ratio 
(SNR) of each critical band is then used to provide a 
suitable gain adaptation of the estimator. The paper is 
organized as follows. Section 2 gives an overview of the 
subspace-based speech enhancement algorithm. In Section 
3, the proposed speech enhancement system with 
perceptual filterbank is introduced first. Then, a gain 
adaptation estimator based on prior SNR is described. The 
experimental results of speech enhancement are presented 
in Section 4 and finally conclusion remarks are given in 
Section 5. 

 
2. Subspace-Based Speech Enhancement  

The speech enhancement problem will be described as 
a clean speech signal x  being transmitted through a 
distortionless channel that is corrupted by additive noise n . 
The resulting noisy speech signal y  can be expressed as 

nxy += ,                                    (1) 

where x  = [x1, x2, . . . , xM]
H
, n  = [n1, n2, . . . ,nM]

H
, and y  

= [y1 , y2 , . . , yM]
H
. The observation period has been 

denoted as M. Henceforth, the vectors x , n , y  will be 
considered as part of complex space . MC

The subspace decomposition can be achieved using 
KLT, i.e. eigenvector matrix. Let Rx and Ry denote the 
covariance matrix of the x  and y , respectively. The 
eigen-decomposition is performed on the covariance matrix 
Rx and the following form is obtained 
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where  is a K1xΛ × K diagonal matrix with 
eigenvalues )1(xλ , )2(xλ ,K , )(Kxλ  as diagonal elements. 
The eigenvector matrix U has been partitioned into two 
sub-matrices, U1 and U2. The matrix U1 contains 
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eigenvectors corresponding to non-zero eigenvalues. These 
eigenvectors form a basis for the signal subspace. 
Meanwhile, U2 contains the eigenvectors which span the 
noise subspace.  

Let I1 and I2 represent the identity matrices IKxK and 
I(M-K)x(M-K), respectively. Similar to (2), the eigen-
decomposition of Ry is given by 
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where  is a K× K diagonal matrix with eigenvalues 
1yΛ

)1(yλ , )2(yλ ,K , )(y Kλ  as diagonal elements.  

As indicated by (3), the clean speech lies only within 
the signal subspace while the noise spans the entire space. 
Therefore, only the contents of the signal subspace are used 
to estimate the clean speech signal. 

The clean speech can be estimated using a linear 
estimator  

yx H=ˆ ,                                   (4) 
which H is a K×K matrix. The residual signal, e , can then 
be represented as 

nx eenxxxe +=+=−= HIH )-(ˆ ,          (5) 

where xe  refers to the signal distortion while ne  denotes 
the residual noise. The energy of the signal distortion can 
be calculated from (5) 

})(){(tr}{tr2 H
x

H
xxx eeE IHRIH −−==ε .  (6) 

Similarly, the energy of the residual noise can be derived 
from (6) 

}{tr}{tr 22 H
n

H
nnn eeE HHσε ==  .           (7) 

The energy of the total error, ε  thus can be calculated as 
222
nx εεε +=                                (8) 

The time domain constrained estimator minimizes 
signal distortion while constraining the average residual 
noise power to be less than .  Thus 2

nασ
2minarg xopt ε

H
H =                                    

subject to: 221
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ασε ≤                       (9) 

where 10 ≤≤α . The resulting filter from the TDC 
estimation has the form 

12 )( −+= IRRH nxxopt βσ .                   (10) 

Applying the eigen-decomposition (2) of Rx to (10), we can 
rewrite the optimal linear estimator as 
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Hence, the signal estimate yx optH=ˆ  is obtained by 

applying the KLT to the noisy signal, appropriately 
modifying the components of the KLT U

H
y  by a gain 

function, and by inverse KLT of the modified components. 
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Fig.1. Tree structure of the perceptual filterbank. 

 

Table I. Characteristics of Critical Bands Under 4 kHz 

 
 

3. Critical Band SNR-Aware Subspace-
Based Speech Enhancement  

This paper proposes a new subspace-based speech 
enhancement method which contains critical band SNR-
aware technique. The input noisy speech is first divided 
into critical band time series by the wavelet analysis 
filterbank. The subspace-based enhancement is performed 
in each critical band.  The gain adaptation for estimating 
the clean speech is based on the critical band SNR. The 
wavelet synthesis filterbank is then applied to the gain-
modified vector of critical band signal to reconstruct the 
enhanced full-band speech. The following subsections will 
describe more details of the proposed method. 

 

3.1. Perceptual Filterbank 
The perceptual filterbank is obtained by adjusting 

the decomposition tree structure of the conventional 
wavelet packet transform in order to approximate the 
critical bands of the psycho-acoustic model as close as 
possible. The primary reason for embedding the psycho-
acoustic model in the filterbank is that humans are capable 
of detecting the desired speech in a noisy environment 
without prior knowledge of the noise. One class of critical 
band scales is called Bark scale. The Bark scale z can be 
approximately expressed in terms of the linear frequency 
by 

244 )1033.1arctan(5.3)106.7arctan(13)( fffz −− ×+×= ,(13) 
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where f is the linear frequency in Hertz. The corresponding 
critical bandwidth (CBW) of the center frequencies can be 
expressed by 

CBW( ) ( . ) .f c c= + + × −25 75 1 14 10 6 2 0 69f ,   (14) 
where fc is the center frequency (unit: Hertz). Theoretically, 
the range of human auditory frequency spreads from 20 to 
20000 Hz and covers approximately 25 Barks. In this paper, 
the underlying sampling rate was chosen to be 8 kHz, 
yielding a bandwidth of 4 kHz. Within this bandwidth, 
there are approximately 17 critical bands as listed in Table 
I. 

The tree structure of the perceptual wavelet packet 
transform can be constructed as shown in Fig. 1. It contains 
16 decomposition cells with 5 decomposition stages to 
approximate these 17 critical bands which are 
corresponding to wavelet packet coefficient sets , 
where j = 3, 4, 5, m = 1, …, 17. The resulting 17-band 
perceptual wavelet packet transform of the Bark scale and 
the CBW are plotted in Figs. 2 and 3, respectively. 

mjw  ,

 

 
Fig. 2. Bark scale as a function of center frequency. 

 

 
Fig. 3. Critical bandwidth as a function of center frequency. 

 

3.2. Prior Subband SNR-Aware Gain Estimation 
The perceptual filterbank is integrated with the 

subspace-based enhancement technique. For each subband 
within the perceptual filterbank, individual subspace 
analysis is applied. Therefore, the optimal linear estimator 
for i-th subband has the following form 
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In (17),  is the attenuation factor for i-th subband. 
This factor corresponds to the term  in (12) and 
controls the trade-off between speech distortion and 
residual noise in i-th subband. A larger value of the 
attenuation factor will yield more speech distortion and less 
residual noise and vice versa. How to decide the 
attenuation factor thus plays an essential role for the 
enhancement process. 

iγ
I2

nβσ

Instead of applying the same attenuation value to the 
whole frequency span, deciding the attenuation degree of 
each subband within the perceptual filterbank respectively 
is a better solution. The attenuation factor in each subband 
is determined according to the prior SNR of the 
corresponding subband.  

The prior SNR of i-th subabnd is calculated in 
accordance with the noise power spectrum estimated by a 
pre-obtained noise segment and the speech power spectrum 
derived by subtracting noise power spectrum from noisy 
speech power spectrum. Assume the the maximum 
attenuation value is κ and the prior SNR of i-th subabnd is 
SNRi, the attenuation factor of i-th subband is decided by a 
monotonic decreasing function 
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Fig. 4. Signals of wavelet packet perceptual filterbank. 

 
4. Experimental Results 

In this section, an analysis of the performance of the 
proposed method is presented. Three types of in-car noises 
measured from different cars in TAICAR database [7] were 
adopted. The experiment was performed using natural 
speeches corrupted by additive in-car noises. The left part 
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of Fig. 4 gives an example of the noisy speech from first to 
8-th critical bands. It can be seen that the noise distributes 
quite differently across these critical bands. With the 
proposed technique, the enhanced speech of these critical 
bands are given in the right part of this figure.  

For comparative purposes, we also implemented and 
evaluated the spectral subtraction method of Berouti et al. 
[8] and the conventional subspace method in [3]. Figure 5 
shows the waveforms and spectrograms of degraded 
speech and enhanced speech processed by three algorithms: 
(1) spectral subtraction; (2) conventional subspace method; 
(3) the proposed approach. For objective evaluation, the 
segmental SNR (SegSNR) measure was used to evaluate 
these speech enhancement algorithms.  

The performance comparison using SegSNR is given 
in Table II. The SNR of speech signals corrupted by 
additive in-car noise was ranged from 0 to 10 dB. For the 0 
dB case, the SegSNR of the proposed approach was 2.1793 
dB in average. Compared with the spectral subtraction and 
the conventional subspace methods, the proposed approach 
had improvements about 3.8 dB and 1.3 dB, respectively. 
For the 5 and 10 dB in-car noises, the proposed method 
also significant outperformed the spectral subtraction and 
the conventional subspace methods. These experimental 
results demonstrated the superiority of the proposed speech 
enhancement algorithm. 

 
5. Conclusions 

In this paper, an integration of perceptual filterbank 
and subspace-based speech enhancement is presented. The 
proposed method incorporates psycho-acoustic model 
(perceptual filterbank) by adjusting the decomposition tree 
structure of the conventional wavelet packet transform. The 
gain adaptation plays a crucial rule in the critical band 
signal estimation. An attenuation factor based on prior 
SNR of each critical band is presented to adjust the 
estimator’s gain. Experiments were carried out using the 
TAICAR in-car noisy speech database. According to the 
experimental evaluation, our method achieved 
enhancement performances better than conventional 
subspace and spectral subtraction methods. 
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Fig. 5. The waveform and spectrogram of : (a) noisy 
speech signal; (b) enhanced speech using spectral 
subtraction method; (c) enhanced speech using 
conventional subspace method; (d) enhanced speech using 
the proposed method. 

Table II. Performance Comparison in Average SegSNR 
(dB) For Sentences Corrupted By Three Different In-Car 

Noises 

Noise Source Spectral 
Subtraction 

Conventional 
Subspace 

Proposed 
method 

0 dB -2.0598 -1.0769 3.3674 
5 dB 0.7852 2.9247 6.3601 Honda
10 dB 3.0589 6.7023 10.0942 
0 dB -1.0044 2.3905 2.0621 
5 dB 1.7578 5.3694 5.9428 Volvo
10 dB 3.7578 8.3428 10.1215 
0 dB -1.6282 1.1020 1.1086 
5 dB 1.0944 4.2154 4.4760 Toyota
10 dB 3.0856 7.0656 8.2284 
0 dB -1.5641 0.8052 2.1793 
5 dB 1.2125 4.1698 5.5929 Ave. 
10 dB 3.3008 7.3702 9.4813 
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