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ABSTRACT

Hands-free mobile phones and voice navigation systems are used
more and more for safety and convenience when one drives. How-
ever, the car environment is noisy. Oftentimes the noise degrades
substantially theintelligibility of speech. In this paper, we propose
a single channel algorithm that reduce the car noise significantly.
The approach employs the Wiener filter and the independent com-
ponent analysis (ICA) technique. First, ICA is applied to alarge
ensemble of clean speech training framesto reveal their underlying
statistically independent basis. The distribution of the ICA trans-
formed datais also estimated in the training part. It is required for
computing the covariance matrix of the ICA transformed speech
data used in the Wiener filter. Then a Wiener filter is applied to
estimate the clean speech from the received noisy speech. The
Wiener filter minimizes the mean-square error between the esti-
mated signal and the clean speech signal in ICA domain. Fi-
nally, an inverse transformation from ICA domain back to time
domain reconstructs the enhanced signal. Extensive experiments
show considerabl e noise reduction capability of the proposed algo-
rithm. The evaluation is performed with respect to four objective
quality measure criteria.

1. INTRODUCTION

Hands-free mobile phones and voice navigation systems are used
more and more for safety and convenience when one drives. How-
ever, the car environment is noisy due to the presence of interfer-
ring sounds such as car engine and road noise, music, and other
voices. Oftentimes the noise degrades substantially the intelligi-
bility of speech and severely affect the ability of the driver to un-
derstand what the speaker is saying, or diminish the ability of the
voice navigation system to process driver's commands.

Over the past three decades, a variety of speech enhancement
techniques have been used to suppress such noises and improve
the perceptual quality and intelligibility of speech. Boll proposed
spectral subtraction [1]. Virag utilized the masking properties of
the human auditory system for noise reduction [2]. Knecht et al
tackled the problem by artificial neural networks [3]. Dahl et al
introduce a digital self-calibrating microphone array to suppress
the car noise [4]. Based on the number of microphones, the first
two algorithms can be categorized into single channel systems and
the other two are multiple channel systems. The multiple channel
systems have greater potential for noise reduction by using spatial
information. However, alarge number of microphones are needed
to achieve an acceptable performance. Generaly, thisis not prac-
tical in terms of spatia placement and the total cost of the whole
system.

Taking into account algorithm simplicity and ease of imple-
mentation, we propose a single channel technique that applies the

Wiener filtering in independent component analysis (ICA) domain
for car noise reduction. The Wiener filter is an optimal filter that
minimizes the mean square error between the desired signal and
the estimated signal. 1CA is a data-driven transformation adapted
to the structure of clean speech data. The properties of the two
techniqueswill yield higher noise suppression capability and lower
distortion by combining them. The algorithm can be divided into
training phase and noise removing phase. The ICA model and
the prior knowledge of speech required in Wiener filtering can be
computed off-line only once during a training phase. No subse-
quent speech signal dependent parameter estimation is performed
in the noise removing phase, therefore reducing the computation
complexity of the algorithm.

The organization of the paper is the following: Section 2 elab-
orates in detail the single channel speech enhancement algorithm
with Wiener filtering in the ICA domain. Then Section 3 demon-
strates the noise reduction capability of the proposed algorithm
through computer simulation. Finally, a conclusion is reached in
Section 4.

2. SPEECH ENHANCEMENT ALGORITHMS

Let the received time domain additive noise corrupted speech sig-
nal be z(m) = s(m) 4+ n(m), where m isthe discrete timeindex,
s(m) is aclean speech signal and n(m) is the additive noise. To
use the ICA technique, we first segment the received signal z(m)
with time-domain window and form the segments as the columns
of matrices, that is
X=S+N. @

where the matrices X, S and N are of size M x K, M isthe
speech frame sizein samples and K isthe number of frames. The
rest of the received signal that is shorter than a segment size is
truncated during the reshaping.

The speech has specific higher order statistical characteristics
[5]. Without loss of generality, we may assume that clean speech
signal isthe linear mixture of some independent components. ICA
transforms a set of observed segments s = [s1,s2,--- , 80|,
that forms a column of matrix S, into a new representation ¢ =
[s1,62,-- ,sm]", where the components ¢;, 1 < i < M of  are
jointly statistically independent, that is

¢c=W:s. 2

with W a M x M invertible matrix called unmixing matrix. The
approach to find the unmixing matrix will beintroduced in the next
section.

By applying W from left side to a column of each matrix in
(2), we have:

Yy=Wx=Ws+Wn=¢+v. ?3)



where x and n are one of the columns of matrix X and N, re-
spectively, v and v are the corrupted speech segment and noise
segment in ICA domain corresponding to x and n. All the above
variables, x, n, v and v, are M x 1 vectors.

Let ¢ denote the estimated ¢ in ICA domain based on x. By
applying the inverse transformation to ¢, we obtain the enhanced
speech segment vector, z, as

z=W7.¢ (4)

Our task therefore isto estimate ¢ given .

Wiener filter is the linear statistically optimum discrete-time
filter that minimizes the mean-square error between the estimated
signal ¢ and the clean speech signal ¢. The estimated signal < is
obtained by filtering the received speech in ICA domain, +, witha
linear filter F,
where F'isa M x M matrix to be determined.

Because the car noise is slow time-varying, we assume the
filter input is a wide-sense stationary stochastic process with zero
mean. The mean-square error is

J =E{c <"} = E{lls - F -~} (6)

where E denotes the statistical expectation operator. The prob-
lem therefore isto find £ that minimize the mean-square error J.
By assuming that the signal ¢ and the noise v in equation (3) are
decorrelated and both have zero mean, the equation (6) turnsinto

E{ls — F-~|*}
= trace (E{CCT} - F. E{’YCT} - E{C’YT} FT

J

+F-E{y7y"}- FT)

trace (Rg —F.R¢—-Re¢-FT
+F - (Rs +Rp) - F') | ™

where T' denotes transpose, trace(A) denotes the trace of matrix
A, Rg is the covariance matrix of the ICA transformed speech
data, ¢ and Ry isthe covariance matrix of the noise, v.

Taking the derivative of (7) with respect to F' and setting the
result to zero yields

F-(R¢+Rv)—-Rg =0, ®

where 0 isa M x M zero matrix. The optimum filter F' that
minimizes the mean-square error J isthen:

F=Rg (R¢+Ruv) " ©)

The noise covariance matrix Ry can be computed easily from
the covariance matrix of the time-domain noise n, Rn: Ry =
WR,W7. On the other hand, taking into account that the ICA
transformed speech signal components, ¢;,1 < i < M, are sta
tistically independent, the covariance matrix of a set of ICA trans-
formed speech data R is

R¢ = diag (RQ)v (10

i=1,--, M

where diag (R.;) isa M x M diagonal matrix with the ith
i=1,---,M

diagonal dement R., = E{|s;|*}.
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Fig. 1. Normalized kurtosis of the ICA transformed speech.

R., can be estimated easily from the model of the ICA trans-
formed speech signal. To find the characteristic of the ICA trans-
formed signals, we studied their normalized kurtosis, which is de-

fined as <
Els;
ECHE D

Fig. 1 shows an example of the normalized kurtosis of the ICA
transformed speech.

It is obvious that the kurtosis for al ICA transformed speech
data are significantly larger than zero that is the value of the nor-
malized kurtosis of arandom variable with Gaussian distribution.
So al independent components have super-Gaussian distributions.
Laplacian distribution is a commonly used super-Gaussian distri-
bution, therefore we asssume that the ICA transformed speech data
has Laplacian distribution, i.e.,

p(si) = 21\2' exp (— |§\ZZ|) . (12)

From the distribution of the ICA transformed speech data ¢;,
we have

kurtosis(s;) =

R, = / §i2p(§i)d§i =2\;. (13

Substituting (13) into (10), then (10) into (9) and finally (9)
into (5) gives

¢= diag (2\)-[ diag 2M)+Ru] 'y (14)
i o i=1,---,M

Once we obtain the estimate of ¢, substituting it into equa-
tion (4) gives the enhanced speech signalsin timedomain. Finally,
reshaping the enhanced speech signal from matrix form to vec-
tor form reconstructs the enhanced waveform. Fig. 2 shows the
block diagram of the ICA-based single channel speech enhance-
ment. What remainsto be estimated are the unmixing matrix W of
the ICA transform, parameters \;,7 = 1,--- , M, required in the
probability density function of the ICA transformed speech data s,
and noise covariance matrix Ry, required in obtaining Ry .

3. SIMULATION

In this section, the noise reduction capability of the proposed al-
gorithm for car noisesis studied. We first describe the approach to
learn the ICA model and estimate the unknown parameters \; in
training phase. Then the performance of the proposed | CA-based
single channel speech enhancement algorithm using Wiener filter-
ing isinvestigated.
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Fig. 2. Block diagram of the ICA-based single channel speech
enhancement system with Wiener filtering.

3.1. Learning W and Estimating \;

Severa practical methodsfor estimating the | CA models have been
proposed and applied [6]. In our study, arobust and efficient prin-
ciple based on maxima of nongaussianity is employed to estimate
the ICA model. The nongaussianity is measured by negentropy
since it is robust and in some sense optimally estimates the non-
gaussianity. A novel nonquadratic function that is used to approx-
imately measure the nongaussianity is applied. It is defined by
G(€) = —(J¢] + 1)e~ !¢l + 1. It ismore robust than those defined
in [6] and yields less dependence between the ICA transformed
components. To learn the ICA model, speech sentences from four
different speakers of TIMIT database are used. The sampling fre-
quency is 16KHz. The unmixing matrices W for each speaker
are learned from two sentences of that particular speaker with a
total length of about six seconds. The FastICA code [7] is used
to implement the algorithm of estimating the unmixing matrix W
based on the maxima of nongaussianity. The speech is analyzed
(reshaped) into frames composed of 50 samples, i.e., 3.1ms time
interval at 16KHz sampling rates, with 98% overlap between suc-
cessive frames. Hamming window is applied to each frame in all
cases. The stop criterion of the iterative FastlCA code is 0.0001.
Theinitial guessfor W isthe identity matrix.

After obtaining the unmixing matrix W, we can estimate the
parameters \; required in (12), from the training speech data. They
approximates the parameters \; of ICA domain testing speech
data.

In this study, maximum likelihood technique is employed to
estimate \;. For K observations of training speech frames, the
likelihood function of the i-th independent component is

21\1_ exp {— —|£i)(\f)| } ; (15)

K
p(&N) =11
k=1

where k istheindex of observation, & = w/ s“"*"™ isone of the
independent components in vector & = Ws{*"*™) with unmixing
matrix W and reshaped training speech frame (7).

Taking the derivative of the natural logarithm of (15) with re-
spect to \; leadsto

K
% = (Z & (k)| - KM) - (19
(3 k=1

Setting the result of (16) to zero forms the likelihood equa-
tion. The maximum likelihood estimate of \; isthe solution of the
likelihood equation, that is

| X
Ai = d kZ:l |€: (k)] 17)

3.2. Speech Enhancement in Car Noise Environments

In this subsection, we investigate the performance of the proposed
algorithm on car noise reduction. The noise is added to speech
sentences and scaled so that the input global SNR of the corrupted
waveform ranges from -5 dB to 20 dB. To be more specific, let
z(m) = s(m)+pPn.(m) bethereceived signal, where 3 isascale,
and 3(m) isthe estimated signa. The global SNRs are defined as

input — gSN Ry = 10log,, %7

E{|s(m)*}

3(m) — s(m)|2}’
(18)

output — gSN R4 = 10log, 2

where E isthe sample average.

Eight experiments are carried out as in Table 1. In this ta-
ble, "F1',’F2',"M1’ and '"M2’ respresent the first female speaker,
the second female speaker, the first male speaker and the second
male speaker, respectively. 'SA1’ and 'SA2' represent two dif-
ferent sentences. Therefore, in al the experiments, the training
speech is uncorrelated to the testing speech.

Testing Cases 1 | 2 [ 3 [ 4
Training Data F1-SAl1 + F1-SA2

Testing Data | F2-SA1 | F2-SA2 | M1-SA1 | M1-SA1
Testing Cases 5 [ 6 ] 7 | 8
Training Data M1-SA1l+ M1-SA2

Testing Data | F1-SA1 | FI-SA1 | M2-SA1 | M2-SA1

Table 1. Training and testing data used in experiments.

Intesting phase, the speech isalso analyzed(reshaped) to frames
composed of 50 samples with 98% overlap between successive
frames. Hamming window is applied to each frame in all exper-
iments. The noise correlation Ry, required for computing Ry in
(14) is obtained from the covariance of reshaped noise matrix N.

Fig. 3 illustrates an example of the waveforms of the original
clean speech, the received noisy speech and the enhanced speech.
The upper plot representsthe original clean speech, the middle plot
is for the received noisy speech and the lower plot shows the en-
hanced speech. The input global SNR is -5 dB. Clearly, the noise
has been effectively reduced. Comparing the enhanced speech
with the original clean speech and the received noisy speech by
listening to them, we found that most of the noise is removed with
no noticible distortion.

To give a quantitative analysis of the performance of the pro-
posed algorithm, four objective speech quality criteria, global SNR,
segmental SNR, Itakura distance and weighted-spectral slope mea-
sure (WSSM) [8], are computed. Fig. 4 presents the objective
evaluation results when Wiener filtering is applied in ICA domain.
The solid line represents the evaluation results for the enhanced
speech. The dashed line shows the quality measure for the input
noisy speech.

The upper-left plot presents the results of the average global
SNR. The proposed agorithm provides high improvement. At -5
dB input global SNR, the SNR improvement is about 18.6 dB. At
5 dB input global SNR, the SNR improvement is about 12.6 dB,
and at 15 dB input global SNR, the SNR improvement is about 5
dB.
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Fig. 3. Waveforms of the original clean speech, the received noisy
speech and the enhanced speech when the input global SNR is -5
dB. Upper plot: original clean speech, Middle plot: received noisy
speech, Lower plot: enhanced speech. (analysis frame size: 50
samples, analysis overlap rate: 98 %.)

The upper-right plot illustrates the results of the segmental
SNR defined in [8], equation (9.7). The SNR thresholds are -20
dB for the lower bound and 20 dB for the upper bound. It is better
related with speech quality evaluation than the global SNR mea-
sure. At-5dB input global SNR, the segmental SNR improvement
is about 13.3 dB. At 5 dB input global SNR, the segmental SNR
improvement is about 8 dB, and at 15 dB input global SNR, there
is still about 2 dB segmental SNR improvement.

The lower-left shows the results of the Itakura distance defined
in[8], equation (5.191). The enhancement procedure improvesthe
same way in distortion reduction for all input global SNR. The
distortion reduction is more than 50%. When theinput global SNR
islessthan 10 dB, the distortion suppression is higher than 75%.

The lower-right presents the results of the WSSM defined in
[8], equation (9.14). WSSM measure illustrates a clear increase of
intelligibility by the proposed algorithm. When the input global
SNRislessthan 5 dB, theimprovement is higher than 70%. There
are about 62%, 45% and 27% improvement when the input global
SNRis 10 dB, 15 dB and 20 dB, respectively.

The proposed enhancement approach was applied successfully
to reduce car noise. As regard to the computational load, one of
the most time-consuming tasks of the algorithm is learning of the
unmixing matrix W, which is done off-line. The on-line compu-
tations are fast.

4. CONCLUSIONS

In this paper, we propose a single channel speech enhancement
algorithm based on the ICA technique and Wiener filtering. The
speech frames are transformed into their independent basis func-
tions by aunmixing matrix, which islearned from alarge ensemble
of clean speech frames. The Wiener filter is applied to estimate the
clean speech from the received noisy speech in ICA domain. The
ICA model and the prior knowledge of speech required in Wiener
filtering is computed off-line only once during the training part.
No subsequent speech signal estimation is performed in the noise
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Fig. 4. Objective quality measure results as a function of input
global SNR. Upper-left plot: Average globa SNR, Upper-right
plot: Segmental SNR, Lower-left plot: Itakura distance, Lower-
right plot: WSSM. Salid line represents the measure of the en-
hanced speech signal. Dashed line represents the measure of the
input noisy speech. (analysis frame size: 50 samples, analysis
overlap rate: 98 %.)

removing phase. Simulations show the proposed enhancement ap-
proach is able to reduce car noise significantly with respect to four
objective quality measure criteria. The computational load is mod-
erate and can be adjusted according to the application.
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