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In this paper, a new subspace-based speech enhancement algorithm for in-car hu-

man computer speech interaction is presented. We first incorporate a perceptual filter-
bank which is derived from psycho-acoustic model with signal subspace approach to ef-
fectively suppress in-car noises of engine. Second, for real-time applications, a new 
subspace tracking algorithm is derived by modifying PASTd algorithm to solve the data 
dependent hazard of tacking algorithm. Six different types of in-car noises in TAICAR 
database are used in our evaluation. The experimental results demonstrate that our ap-
proach is superior to conventional subspace and spectral subtraction methods.  
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1. INTRODUCTION 
 

With the increased use of Global Positioning System (GPS), mobile phones, wire-
less internet and electronic controls inside cars, there is a greater need of hands-free hu- 
man computer interaction via speech. In a car environment, the speech signal is corrupted 
by the ambient noise coming from the car. The distance between a hands-free car micro- 
phone and the speaker makes this problem more serious. It is therefore essential to en-
hance noisy speech for robust human computer speech interaction in car environments. 

Traditionally, the signal subspace approach has been successfully applied to fre-
quency 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 sub-
space (since the signal dominates this subspace), and the noise subspace. The noise sub-
space 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 retain-
ing 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 de-
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composition 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 repre-
senting 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.  

In this paper, a new speech enhancement technique based on perceptual filterbank 
and subspace-based method is proposed. The perceptual filterbank is obtained by adjust-
ing the decomposition tree structure of the conventional wavelet packet transform in or-
der to approximate the critical bands of the psycho-acoustic model as close as possible. 
The reason is that the signal subspace methods do not operate in the frequency domain 
where the available hearing models are developed. Combining multiband processing with 
subspace decomposition, our algorithm is more capable to suppress color engine noise 
than conventional subspace approaches in car noisy environments. 

Moreover, the subspace decomposition is achieved by using a subspace tracking al-
gorithm to reduce the computational load. The tracking method is a normalized least- 
mean-square (NLMS) adaptive filter. It has computational complexity of linear order and 
is suitable for real time applications. Implementations of these techniques, however, have 
been based on batch eigenvalue decomposition of the sample correlation matrix or on 
singular value decomposition of data matrix. This approach is unsuitable for adaptive 
processing because the task is very time consuming. In order to overcome this difficultly, 
a number of algorithms have been proposed for tracking the dominant subspace [5-8]. 
Among the most robust and most efficient methods are the projection approximation 
subspace tracking (PAST) algorithm and its variant, the projection approximation sub-
space tracking deflation (PASTd) algorithm [7]. However, both algorithms are not suit-
able for fast pipeline computation because of their data dependant hazard. This motivates 
us to design an improved PASTd algorithm without data dependant hazard.  

This paper is organized as follows. Section 2 gives an overview of the conventional 
subspace-based speech enhancement algorithm. In section 3, the proposed speech en-
hancement system for in-car noisy environments is introduced. It contains a perceptual 
filterbank which is used for subband processing and the new subspace tracking algorithm 
without data dependant hazard. The experimental results of speech enhancement are pre-
sented 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  be-
ing transmitted through a distortionless channel that is corrupted by additive noise .n  

The resulting noisy speech signal y  can be expressed as 

,y x n= +                                                         (1) 

where x  = [x1, x2, …, xM]H, n  = [n1, n2, …, nM]H, and y  = [y1, y2, …, yM]H. The ob-
servation period has been denoted as M. Henceforth, the vectors ,x  ,n  y  will be con-
sidered as part of complex space C

M. 
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If it is assumed that clean speech is confined to a subspace of dimensionality K, 
where K < M, then CM can be decomposed into two subspaces: a signal subspace and a 
noise subspace. Ephraim and Van Trees [3] realized this partitioning by postulating a 
linear model for the speech frame under analysis. The range and the null space were 
characterized as the signal and noise subspaces, respectively. The linear model for the 
clean speech assumes that every M-sample frame can be represented using the model: 

1

,
K

i i
i

x Vs s v
=

= = ∑  K ≤ M,                                             (2) 

where s  = [s1, s2, …, sK]H is a sequence of zero mean complex random variables. V ∈ 
RM×K is known as the model matrix. Assuming that the columns of V are linearly inde-
pendent, and then the rank of V is K. The range of V defines the signal subspace. The 
noise subspace is the null space of the model matrix. This subspace has rank M − K and 
only contains vectors resulting from the noise process. 

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 ob-
tained 

[ ] 11
1 2

2

0
,

0 0

H
x

x H

U
R U U

U

Λ   =   
    

                                         (3) 

where Λx1 is a K × K diagonal matrix with eigenvalues λx(1), λx(2), …, λx(K) as diagonal 
elements. The eigenvector matrix U has been partitioned into two sub-matrices, U1 and 
U2. The matrix U1 contains eigenvectors corresponding to non-zero eigenvalues. These 
eigenvectors form a basis for the signal subspace. Meanwhile, U2 contains the eigenvec-
tors which span the noise subspace.  

Let I1 and I2 represent the identity matrices IK×K and I(M-K)×(M-K), respectively. Similar 
to Eq. (3), the eigen-decomposition of Ry is given by 

[ ] [ ]
2

1 1 11 1
1 2 1 22 2

2 22 2

0 0
,

0 0

H H
y x n

y H H
n n

IU U
R U U U U

I IU U

Λ Λ σ
σ σ

      +
= =      

            
       (4) 

where Λy1 is a K × K diagonal matrix with eigenvalues λy(1), λy(2), …, λy(K) as diagonal 
elements.  

As indicated by Eq. (4), 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  

ˆ ,x Hy=                                                           (5) 

which H is a K × K matrix. The residual signal, ,e  can then be represented as 

ˆ ( ) ( )  x ne x x Hy x H x n x H I x Hn e e= − = − = + − = − + = +                (6) 
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where xe  refers to the signal distortion while ne  denotes the residual noise. The energy 
of the signal distortion can be calculated from Eq. (6) 

2 tr { } tr{( ) ( ) }.H H
x x x xE e e H I R H Iε = = − −                                (7) 

Similarly, the energy of the residual noise can be derived from Eq. (7) 

2 2tr { } tr{ }.H H
n n n nE e e HHε σ= =                                        (8) 

The energy of the total error, ε thus can be calculated as 

ε2 = εx
2 + εn

2.                                                       (9) 

The time domain constrained estimator minimizes signal distortion while constrain-
ing the average residual noise power to be less than ασn

2 . Thus 

2arg minopt x
H

H ε=  

subject to: 
2 21
n nM

ε ασ≤                                                 (10) 

where 0 ≤ α ≤ 1. The resulting filter from the TDC estimation has the form 

Hopt = Rx(Rx + γσn
2 I)-1,                                               (11) 

where γ is the Lagrange multiplier. Applying the eigen-decomposition Eq. (3) of Rx to Eq. 
(11), we can rewrite the optimal linear estimator as 

0

0 0
H

opt

G
H U Uγ 

=  
 

                                              (12) 

where  

Gγ = Λx1(Λx1 + γσn
2 I1)

-1.                                             (13) 

Hence, the signal estimate ˆ optx H y=  is obtained by applying the KLT to the noisy sig-  

nal, appropriately modifying the components of the KLT 
HU y  by a gain function, and 

by inverse KLT of the modified components.  

3. PROPOSED SPEECH ENHANCEMENT SYSTEM 

The proposed speech enhancement system based on subspace tracking is shown in 
Fig. 1. The input signal is divided into subband time series by the analysis filterbank. 
Following subband analysis, the vector of subband signal is presented to the subspace 
tracking algorithm to extract eigenvectors. Then, the gain adaptation is performed to 
estimate the clean speech. To reconstruct the enhanced full-band speech, the subband  
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Fig. 1. Block diagram of proposed speech enhancement system. 

 
synthesizer is applied to the gain-modified vector of subband signal. The following sec-
tions will describe more details of the proposed method. 
 
3.1 Subspace-Based Speech Enhancement Using 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 de-
sired 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 

Z(f) = 13arctan(7.6 × 10-4f) + 3.5arctan(1.33 × 10-4f)2,                     (14) 

where f is the linear frequency in Hertz. The corresponding critical bandwidth (CBW) of 
the center frequencies can be expressed by 

CBW(fc) = 25 + 75(1 + 1.4 × 10-6fc
2)0.69,                                (15) 

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 1. 

According to the specifications of center frequencies, CBW, lower and upper cutoff 
frequencies given in Table 1, the tree structure of the perceptual wavelet packet trans-
form can be constructed as shown in Fig. 2 (a). The corresponding frequency bandwidth 
of the wavelet packet tree is shown in Fig. 2 (b). It contains 16 decomposition cells with 
5 decomposition stages to approximate these 17 critical bands which are corresponding  
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Table 1. Characteristics of critical bands under 4 kHz. 

Critical Band 
Number 

Center 
Frequency (Hz) 

CBW 
Lower Cutoff 

Frequency (Hz) 
Upper Cutoff 

Frequency (Hz) 
1 50 - - 100 
2 150 100 100 200 
3 250 100 200 300 
4 350 100 300 400 
5 450 110 400 510 
6 570 120 510 630 
7 700 140 630 770 
8 840 150 770 920 
9 1000 160 920 1080 
10 1170 190 1080 1270 
11 1370 210 1270 1480 
12 1600 240 1480 1720 
13 1850 280 1720 2000 
14 2150 320 2000 2320 
15 2500 380 2320 2700 
16 2900 450 2700 3150 
17 3400 550 3150 3700 
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Fig. 2. (a) Tree structure of the perceptual filterbank. 
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Fig. 2. (b) The frequency bandwidths for the perceptual filterbank. 
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Fig. 3. Bark scale as a function of center  

frequency. 
Fig. 4. Critical bandwidth as a function of  

center frequency. 

 
to wavelet packet coefficient sets wj,m, where j = 3, 4, 5, m = 1, …, 17. The resulting 
17-band perceptual wavelet packet transform of the Bark scale and the CBW are also 
plotted in Figs. 3 and 4, respectively. 

To suppress the car noise of each band, decomposing noisy signal into critical band 
signals will be able to choose different gain values for each subband to minimize speech 
distortions. 
 
3.2 Subspace Tracking Using Improved PASTd Algorithm 
 

Projection approximation subspace tracking (PAST) algorithm is an adaptive 
method that tracks eigenvectors of covariance matrix using a recursive least square (RLS) 
type algorithm. The performance of this method is extensively analyzed in [9, 10]. The 
PAST algorithm requires 3nr + O(r2) operations every updating. A variant PAST algo-
rithm named projection approximation subspace tracking deflation (PASTd) is designed 
based on the deflation technique. The basic idea of the deflation technique is the sequen-
tial estimation of the eigencomponents. Although the PASTd algorithm is normalization 
free and able to update eigenvalues and eigenvectors every 4nr + O(r) operations, its 
algorithm flow has data dependant hazard occurred at (a.1) and (a.2). While updating xi+1, 
its previous content is still required in next loop. This hazard makes the PASTd algo-
rithm not suitable for pipeline computation. 

 
Algorithm  The PASTd Algorithm 
Choose di(0) and (0)iu  suitably 
For n = 1, 2, …, Do 

1( ) ( )x n x n=  
For i = 1, 2, …, r Do 

( ) ( 1) ( )H
i i iv n u n x n= −                                          (a.1) 

di(n) = βdi(n − 1) + |vi(n)|2 
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( ) ( ) ( 1) ( )i i i ie n x n u n v n= − −  
( ) ( 1) ( )[ ( ) / ( )]i i i i iu n u n e n v n d n= − +  

1( ) ( ) ( ) ( )i i i ix n x n u n v n+ = −                                       (a.2) 
end 

end 

 
In this paper, an improved PASTd algorithm without data dependant hazard is pro-

posed. For the derivation of the improved PASTd algorithm, (a.1) is rewritten as  

1 1 1

1 1 1

1

 ( ) ( 1) ( )

( 1)( ( ) ( ) ( )

( 1) ( ) ( 1) ( ) ( ),   for 2
( ) converges to orthogonal matrix

( 1) ( ) 0.

H
i i i

H
i i i i
H H
i i i i i

H
i i

v n u n x n

u n x n u n v n

u n x n u n u n v n i
U n

u n u n

− − −

− − −

−

= −
= − −
= − − − ≥

∴ − ≈
∵

               (16) 

Since U(n) converges to an orthogonal matrix, the 1( 1) ( )H
i iu n u n−−  will approach to 

zero in steady state and the equation is rewritten as follows 

1

2

3

1

( ) ( 1) ( )

         ( 1) ( )

        ( 1) ( )  

        ( 1) ( ),   for 2.

H
i i i

H
i i
H
i i
H
i

v n u n x n

u n x n

u n x n

u n x n i

−

−

−

= −
= −
= − =
= − ≥

…

                                     (17) 

Hence, ( 1) ( )H
iu n x n−  depends only on the input data at time n. 

Now, it employs the relation between ( )ie n  and 1( ),ix n+  

1( ) ( ) ( ) ( )i i i ix n x n u n v n+ = −                                           (18) 

and 

( ) ( 1) ( )[ ( ) / ( )],i i i i iu n u n e n v n d n∗= − +                                   (19) 

then 1( )ix n+  is obtained as 

2

1
( )

( ) ( ) ,1
( )

i
i i

i

v n
x n e n

d n
+

 
= −  

 
                                          (20) 

where 

2 2

2

( ) ( ) ( ) ( 1)
1 .

( ) ( ) ( 1) ( )
i i i i

i i i i

v n d n v n d n

d n d n d n v n

β
β

− −
− = =

− +
                          (21) 

Let µi(n − 1) denote as 
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For i ≥ 2, 

1 1 1 1

1 1

( ) ( ) ( 1) ( )

( ) ( ) ( 1) ( ),   substiute  to 1.
i i i i

i i i i

e n x n u n v n

n e n u n v n i iβα
+ + + +

+ +

= − −
= − − −

               (26) 

1 1( ) ( ) ( ) ( 1) ( ),   for  2.i i i i ie n n e n u n v n iβα − −= − − ≥                        (27) 

The principal term di(n) is 

2 2

( 1)1 1
( ) .

( ) ( 1) ( ) ( 1) ( )
i

i
i i i i i

n
n

d n d n v n n v n

µµ
β β µ

−
= = =

− + + −
                  (28) 

From the above derivations, the inner loop of improved PASTd algorithm is sum-
marized as follows. The data dependant hazard is solved, i.e. ( )ie n  can be computed 
recursively without waiting ( ).iu n  

 
Algorithm  The Improved PASTd Algorithm 
For i = 1, …, r 

( ) ( 1) ( )H
i iv n u n x n= −                                              (b.1) 

zi(n) = µi(n − 1)|vi(n)|2                                            (b.2) 
1

( )
( )i

i

n
z n

α
β

=
+

                                              (b.3) 

1 1

( ) ( 1) ( ) 1                                                (b.4)
( )

( ) ( ) ( 1) ( ) 2                                                (b.5)
i i i

i
i- i i i

x n u n v n i
e n

n e n u n v n iβα −

− − =
=  − − ≥ 

µi(n) = αi(n)µi(n − 1)                                             (b.6) 

( ) ( 1) ( ) ( ) ( )i i i i iu n u n n e n v nµ= − +                                   (b.7) 
end 

 
The data flow graphs of PASTd and improved PASTd algorithms are described in 

Figs. 5 and 6, respectively. It can be seen that each iteration of the improved PASTd al-
gorithm can be scheduled based on pipeline computation. Let x(n) be a noisy speech with 
8-bit samples and 8 kHz sampling rate. The sample correlation matrix Rx is updated via  
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Fig. 5. Data dependant hazard of PASTd algorithm. 
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Fig. 6. Pipeline computation of proposed PASTd algorithm. 

1

ˆ ( ) ( ) ( ).
n

n i H
x

i

R n x i x iβ −

=
=∑                                           (29) 

Its complete eigen-decomposition is computed by a standard batch method for ob-
taining the signal subspace. The mean-square error (MSE) between the estimated and the 
actual largest eigenvector was used as the comparison criterion. Let β be equal to 0.98 
and U is an identity matrix. The learning curves of original and improved PASTd algo-
rithms are shown in Figs. 7 and 8, respectively. The curves were obtained by averaging 
100 runs. It can be seen from the simulation that proposed PASTd algorithm can reach 
the steady-state MSE same as PASTd algorithm. With the same steady-state MSE as 
PASTd algorithm, the proposed PASTd algorithm is more attracted for real-time hard-
ware implementation because its data flow can be realized in fast pipeline computation.  
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Fig. 7. Learning curve of PASTd algorithm.         Fig. 8. Learning curve of proposed PASTd 

algorithm. 

4. THE EXPERIMENTAL RESULTS 

In this section, an analysis of the performance of proposed method is presented. For 
evaluation purposes, we used three sentences sampled at 8 kHz. For car interior noise, six 
noises measured from different cars in TAICAR database [11] were adopted. The ex-
periment was performed using natural speeches corrupted by additive in-car noises. For 
comparative purposes, we also implemented and evaluated the spectral subtraction 
method of Berouti et al. [12] and the conventional subspace method in [3]. Fig. 9 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. 

  
Fig. 9. (a) The waveform and spectrogram of noisy speech signal. 

  
Fig. 9. (b) The waveform and spectrogram of enhanced speech using spectral subtraction method. 
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Fig. 9. (c) The waveform and spectrogram of enhanced speech using conventional subspace method. 

  
Fig. 9. (d) The waveform and spectrogram of enhanced speech using the proposed method. 

Table 2. Performance comparison in SNR (dB) for sentences corrupted by six different 
in-car noises. 

Noise 
Source 

Noisy  
Speech 

Spectral  
Subtraction 

Conventional  
Subspace 

Proposed 

Honda 0.3261 4.0408 9.0472 13.7227 
Toyota − 0.5933 3.9228 5.8111 7.8719 
Opel − 0.2285 1.1338 8.3881 9.6808 

Volvo − 0.8155 − 1.2760 7.3737 12.5982 
Nissan − 0.0630 2.9627 9.7108 11.5947 
Ford 0.1348 1.0998 8.6697 10.3389 

Average − 0.2066 1.9807 8.1668 10.9679 

 
For objective evaluation, the overall (global) SNR measure was used to evaluate 

these speech enhancement algorithms. The calculation of SNR is given by 

2

1
10 2

1

( )

ˆ( ) ( )
10log ,

N

n
N

n

x n

x n x n
SNR =

=
−

 
 

=  
 
 

∑

∑

                                      (29) 

where x(n) and ˆ( )x n  denote the clean and enhanced speech signals, respectively.  
The performance comparison using SNR is given in Table 2. The SNR of speech 

signals corrupted by additive in-car noise is ranged from − 1 to 1 dB and averagely     
− 0.2066 dB. The SNR of enhanced speech using the proposed approach is 10.9679 dB in 
average. In other words, our method has SNR improvement averagely about 11 dB from 
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noisy speech. Compared with the spectral subtraction and the conventional subspace 
methods, the proposed approach has significant improvements about 8.9 dB and 2.8 dB, 
respectively. These experimental results demonstrate the superiority of the proposed 
speech enhancement algorithm. 

5. CONCLUSIONS 

For human computer speech interaction in car noisy environment, a new subspace- 
based speech enhancement algorithm is presented. The proposed method incorporates 
psycho-acoustic model (perceptual filterbank) by adjusting the decomposition tree struc-
ture of the conventional wavelet packet transform. Applying the perceptual filterbank, we 
are able to suppress varied types of in-car noises. Moreover, this paper uses subspace 
tracking strategy to reduce the computational load. An improved PASTd algorithm with-
out data dependant hazard is also presented so that the subspace tracking procedure can 
be performed in pipeline fashion. Future research on real-time hardware implementation 
for the proposed system is also underway. 
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