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ABSTRACT

In our recent investigation of a more challenging
acoustic condition, where the microphone-source distances
of direct paths were far and the attenuation levels of crosscoupled acoustic paths and direct paths were comparable,
the performance of ADF was found to be significantly deteriorated. The difficulty can be attributed to the limitation of
the ADF principle and the spectral characteristics of speech
in the following three aspects. First, in ADF, acoustic paths
need to be modeled by finite-impulse response (FIR) filters
in order to reach correct solution. The increased length of
FIR filters with long acoustic paths makes them less distinguishable from IIR filters. Second, ADF assumes the
source signals to be uncorrelated. When the source signals
are speech, even though the long-term cross correlations
of sources are low, strong cross correlation among sources
may occur for non-negligible time durations due to spectral similarities of speech sounds. Third, voiced speech
have strong low frequency components. There is therefore
a large spread of eigenvalues in the correlation matrices of
source speech as well as those of speech mixtures. The
spread of eigenvalues is known to slow down convergence
rate of adaptive filtering, in general. Furthermore, it is
well known that not all frequency components of speech
are of importance to human perception or machine recognition, and separation processings that place more emphasis
on perceptually important spectral regions are therefore of
interests.

Whitening processing methods are proposed to improve
the effectiveness of blind separation of speech sources
based on ADF. The proposed methods include preemphasis, prewhitening, and joint linear prediction of common
component of speech sources. The effect of ADF filter
lengths on source separation performance was also investigated. Experimental data were generated by convolving TIMIT speech with acoustic path impulse responses
measured in real acoustic environment, where microphonesource distances were approximately 2 m and initial targetto-interference ratio was 0 dB. The proposed methods significantly speeded up convergence rate, increased target-tointerference ratio in separated speech, and improved accuracy of automatic phone recognition on target speech. The
preemphasis and prewhitening methods alone produced
large impact on system performance, and combined preemphasis with joint prediction yielded the highest phone
recognition accuracy.
1. INTRODUCTION
Cochannel speech separation, or blind-source separation on simultaneous speech signals, has become an active area of research in recent years. Among various
approaches, time-domain adaptive decorrelation filtering
(ADF) [1,2,3] and frequency-domain independent component analysis (ICA) [4,5,6] have been heavily studied. In
addition, frequency-domain informax was proposed to be
combined with time-delayed decorrelation method [7] to
speed up blind separation of speech mixtures, and natural gradient algorithm was extended [8] for separation of
speech mixtures while preserving temporal characteristics
of source signals.

In the current work, whitening processing that is motivated by known spectral characteristics of speech is proposed to integrate with ADF to improve convergence rate
and estimation condition for cochannel speech separation
and recognition. The investigated techniques include preemphasis that is commonly used in linear predictive coding [10], prewhitening that is based on long-term speech
spectral density [11], and joint linear prediction of common components of source signals that is developed in the
current work. In addition, the effect of FIR filter length
of estimated acoustic paths on ADF performance is also
studied. Evaluation experiments were performed on phone
recognition of separated speech by using a hidden Markov
model based speaker-independent automatic speech recognition system, with the source speech materials taken from
the TIMIT database. The proposed techniques significantly

In our previous work, ADF has been successfully
extended and applied to cochannel speech recognition and
assistive listening [2,9]. In these studies, multi-microphone
configurations were arranged such that cross-coupled
acoustic paths exerted heavier attenuation on source speech
than did the direct paths, and the microphone-source distances of direct paths were not far.
This work is supported in part by NSF under the grant NSF
EIA 9911095.
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improved system performance.

3. WHITENING PROCESSING METHODS

The rest of the paper is organized as following. In
section 2, the ADF algorithm is briefly reviewed. In section
3, the whitening processing techniques are discussed. In
section 4, experimental condition is described and results
are provided, and in section 5 a conclusion is made.

3.1. Preemphasis
Preemphasis
is a first-order high-pass filter in the form
: \  J
, with \vu . It’s frequency response is
t
shown in Fig. 1. It is commonly used as a preprocessing step in linear predictive coding of speech. In general, voiced speech has a 6–dB per octave spectral tilt with
strong low frequency energy. This wide dynamic range
causes ill conditioning in autocorrelation matrix of speech
and hence difficulty in estimation of LPC parameters. Preemphasis improves the condition number of autocorrelation matrix and therefore makes high-order LPC parameters better estimated [10].
s 

2. OVERVIEW OF ADF
2.1. Cochannel Model
Assume zero-mean and mutually uncorrelated signal
sources  ,
 . Two microphones are used to
acquire convolutive mixtures of the source signals and produce outputs   ,  Denote the transfer function
of the acoustic path from the source to the microphone 
by    . The cochannel environment is then modeled as
!  
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For ADF, preemphasis is performed on mixed speech
, wx Through this processing, the spectral tilt
of source speech signals as well as their mixtures are
compensated, thereby improving the convergence rate in
adaptive estimation of cross-coupled acoustic path filters.
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signals that are mixed in the acquired signals.

3.2. Prewhitening

2.2. Adaptive Decorrelation Filtering

In prewhitening, long-term power spectral density of
speech is measured and its inverse filter is designed to
“whiten” speech spectral distribution. In the current work,
an inverse filter is designed by an FIR filter based on the
long-term speech power spectrum provided in [11]. The
frequency response of the inverse filter, called whitening
filter, is also shown in Fig. 1. It is observed that the
whitening filter has a 6 dB per octave high-pass characteristics in the frequency range of 1 KHz to 5 KHz, and
its low-frequency attenuation is less as steep as the preemphasis filter.

Based on the assumed source properties of zero mean and
zero mutual correlation, perfect outputs of the separation
system should also be mutually uncorrelated. Define 0 1('"243
'"
and 0 "1("23 to be length-N FIR filters that correspond to , 
and ,  and are estimated at time  . The ADF algorithm
generates output signals 5 ( 678 , according to the
equation
(
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To ensure system stability, the adaptation gain is determined in [2] as
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where Qji _kil , and d (%  d ( are short-time energy
estimates of input signals  (% nop . When the filter
estimates converge to true solution, the output signal 5  (
becomes a linearly transformed source signal  (% , ;qr .
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Figure 1 Frequency responses of
preemphasis and prewhitening filters.

Details of the ADF algorithm can be found in [1,2,3].
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3.3. Joint Prediction of Source Signals



Formulation
Joint linear prediction as formulated here aims at
dynamically whitening slow-varying common components
of source signals so as to improve the input condition
of ADF. In [12], joint prediction was used to whiten
a reference signal component in a mixed signal with a
lattice-ladder formulation. For estimation of a common, it is
component prediction filter
desired that the filter makes the prediction error of the
source
be uncorrelated with the source
,
i.e.,

where is a forgetting factor with value close to one. The
prediction parameters
are computed from
’s and
the mixed signals
in the block t are filtered
and used as inputs for ADF.
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on
’s is computed from
’s of the
iteration. Within each iteration, cross-correlation statistics are
computed from data blocks as
, with
indexing the blocks. Averaged statistics are computed
from a longer window as

4. EXPERIMENTS
4.1. Cochannel Condition and Data
Cochannel speech data were generated based on
acoustic path impulse responses measured in real acoustic
environment [13], and the source speech materials were
taken from the TIMIT database. The microphone-speaker
configuration is shown in Fig. 2. At locations 3 and 15
were two microphones, and
and
denote target and
jammer speakers, respectively. The speaker-to-microphone
distances were approximately 2 meters, and the distance
between the two microphones was 21 cm. The recording
room had a reverberation time of
. There
were four target speakers (faks0, felc0, mdab0, mreb0),
each spoke ten TIMIT sentences. Jammer speech were
randomly taken from the entire set of TIMIT sentences
excluding those of the target speakers. Speech data were
sampled at 16 KHz.
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Define

, and
. The system equation for solving
the prediction parameters can be written as

Further define the cross-correlation matrix
to be a symmetric Toeplitz matrix with the diagonal elements being
and the
subdiagonal (or superdiagonal) elements
being
, and the cross-correlation
vector
to be
. Then the matrix equation solution for is
.

S1

2m

Since
is not always positive definite, solving
encounters difficulty when
becomes singular. This
problem usually occurs when the cross correlations between two sources are low, such as in fricative segments of speech. To enable inversion of
, a positive constant is introduced to the determinant of
as:
. An obvious alternative
is to simply turn off the prediction when
is found to
be ill conditioned.

15
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Implementation
In blind source separation, the prediction parameters need to be estimated from the separation outputs
in an iterative fashion. Currently, the prediction parameters used in the
iteration to perform filtering
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Figure 2 Microphone-speaker
configuration of the acoustic environment.
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Assume that the microphones at the locations 15 and 3


target respectively the speakers and with the acquired


speech mixtures  and  . The initial target-to-interference


ratio in  ,   , is defined as the energy ratio of the 



component in  to the  component in  , measured in

dB. Similarly, the initial target-to-interference ratio in  ,

   , is defined as the energy ratio of the  component



in  to the  component in  . The ADF output TIRs


in  and  are defined accordingly. Averaging over the
test data of 40 TIMIT sentences, the initial conditions were
 !"$#&% and    (')* !"!+$#&% .
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4.3. Target-to-Interference Ratio
To enable meaningful comparison of TIRs with and
without whitening processing, the output signals of the
baseline system were filtered by the respective whitening
filters in calculating the TIRs. In addition, initial TIRs in
<!= and <?> were also recomputed by taking into account
of the whitening effect of preemphasis or prewhitening,
yeilding somewhat different initial TIRs in each case. ADF
processing was performed using the same filter length @
and the step size A as in Section 4.2. Seven passes of ADF
were performed over the test data, with the filter estimate
obtained at the end of the current pass used as the initial
estimate for the next pass. For each pass, average B C D)EGF
was computed over the separation output H!I . In Table 1,
a comparison is made between baseline and preemaphasis,
with the recomputed initial TIRs of B CDJ4K LNMOPQ RS and
B CD J4T LVU)W*OXQYZR&S .

baseline
pre-emphasis
pre-whitening

0.8

normalized estimation error

60

Figure 4 Cross-correlation coefficients between two
speech sources without and with whitening processing.
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Table 1 Comparison of output target-to-interference
ratios (dB) between preemphasis and baseline.
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First, the effects of preemphasis and prewhitening on
convergence rate of ADF were evaluated by normalized
filter estimation error on , -/2.1 0 and , -3.4 0 . The results from the
case of filter length 5687! and 9:;* !! are shown in
Figure 3. Compared with the baseline condition of without
whitening processing, preemphasis and prewhitening both
significantly improved the convergence rate of ADF, with
prewhitening having a larger effect.
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Figure 3 Convergence behavior of ADF
without and with whitening processing.

The improved convergence rate of ADF can be attributed to the fact that whitening processing improved condition numbers of autocorrelation matrices of source signals, and in addition, it reduced cross correlation between
source signals. In Fig. 4, the cross-correlation coefficients
between two speech sources are shown for baseline and
prewhitening, where prewhitening reduced cross correlation significantly. Experiments also showed similar effect
from preemphasis and joint prediction.

Baseline

Preemphasis

B CD E K

BC D E T

B C D EK

BC D E T

1

7.88

3.12

10.17

4.55

2

11.07

7.64

12.25

8.22

3

12.20

8.90

13.68

9.30

4

12.69

9.25

13.90

9.48

5

13.04

9.66

14.00

9.60

6

13.33

9.88

14.09

9.67

7

13.43

9.86

14.13

9.72

In Table 2, a comparison is made between baseline
and prewhitening, with the recomputed initial TIRs of
B CDJ4K L\[]O W!WR&S and B CDJ T LVU)M*O P*QR&S .
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filters, divergence occurred within a few iterations of ADF
estimation (shown as X’s).

Table 2 Comparison of output target-to-interference
ratios (dB) between prewhitening and baseline.

Table 3 Phone accuracy (%) vs. ADF filter
length for ADF without whitening processing

Estimation
Passes



 

 

 

1

7.44

0.71

12.30

3.79

Passe1

1

2

3

4

5

6

38.7

43.3

43.7

44.0

44.4

44.3

Baseline

Prewhitening

2

10.25

5.17

16.38

10.11

N=200

3

11.78

7.36

16.72

9.18

N=400

37.3

42.2

43.6

44.8

45.1

44.8

37.1

40.0

42.5

42.4

42.5

43.7

4

12.72

8.48

17.73

11.53

N=600

5

13.44

9.40

17.87

11.69

N=800

36.4

39.9

X

X

X

X

36.8

39.0

39.6

X

X

X

35.6

38.1

X

X

X

X

6

14.03

10.00

17.94

11.72

N=1000

7

14.39

10.26

17.90

11.75

N=1200

It is observed that the whitening processing produced significantly faster improvement to TIRs in both outputs 
and  as compared with the baseline method. Although
these TIR data were weighted by the whitening curves,
they better correlate with intelligibility of separated speech
since otherwise low frequency components that are quality
rather than intelligibility indicators of speech would dominate the TIR values.

Effects of whitening processing
The proposed whitening processing methods were
used to process the mixed speech inputs, and ADF was
then performed with filter length of *+"%,-$$ and adaptation step size of !."/$'&($$) . The separation output of
the target speech     was recognized by the phone recognition system. In Fig. 5, recognition results vs. ADF
iteration passes are shown for the following cases:

4.4. Phone Recognition Accuracy

a.
b.
c.
d.
e.
f.

For phone recognition, the ADF output of target
speech was subjected to cepstral analysis and then recognized by the HMM-based speaker-independent phone
recognition system. Feature vector size was 39, including 13 cepstral coefficients, and their first and secondorder time derivatives. There were 39 context-independent
phone units, with each unit modeled by three emission
states of HMM, and each state had an observation pdf of
size-8 Gaussian mixture density. Phone bigram was used
as “language model.” Cepstral mean subtraction was applied to training and test data.

baseline — ADF without whitening processing
joint prediction of P = 2
preemphasis
prewhitening
preemphasis combined with joint prediction of P = 2
preemphasis combined with joint prediction of P = 3

As a reference, the filters   and    were also computed
from the measured   ’s and then truncated to 400 taps,
and the approximated FIR filters were then used for speech
separation according to Eq.(2). In such a case, phone
recognition accuracy on target speech was 53.1%. This
performance figure set an upper limit to the achievable
accuracy by the ADF separation system.

With this setup, the phone recognition accuracies of
clean TIMIT target speech, the target speech after passing
through the direct channel   , and the mixed speech 
were found to be 68.9%, 57.5%, and 29.1%, respectively.

It is observed that the proposed whitening processing
methods of cases b through e all improved the baseline
results. Preemphasis and prewhitening alone produced
large impact, and the combination of preemphasis with
joint prediction of source signals yielded the best results.
The performance of joint prediction alone was inferior to
those of preemphasis and prewhitening, indicating that the
colored speech spectrum is a dominating factor in slowing
down ADF estimation, and the cross-correlation between
speech sources is a secondary factor. In addition, initially
 ’s were unavailable, and hence the joint prediction was
not performed. In case b, the joint prediction performance
was limited by the reliability of   ’s produced in the
first iteration.

Effects of ADF filter lengths
Although the impulse responses of measured acoustic
path   ’s were on the order of 2000 samples, in order
to enable ADF to converge to correct solution of   and
   , various FIR filter lengths were first evaluated for the
baseline condition of performing ADF without whitening
processing. The results are summarized in Table 3 for the
case of !#"%$'&($$) . It is observed that intermediate filter
lengths of 400 to 600 taps yielded best results. With long
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the speech separation system and accuracy of the speech
recognition system for online applications.
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