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ABSTRACT

Co-channel speech occurs when one speaker’ s speech is
corrupted by another speaker’s speech. A co-channd
detection system could provide information to suspend
the operation of any speech processing system whose
operation would be degraded if it were processing co-
channel speech. In this paper we present two new
methods of co-channel speech detection, one based on
cyclostationarity and the other based on wavelet
transform. Detection of co-channel speech in this paper
refers to the detection of co-channel voiced speech, asiit
is not yet possible to detect unvoiced co-channel
speech. Cyclostationary-based  co-channel  speech
detection revealsthat at least 65% of co-channel speech
is correctly detected for different combinations of
speech, e.g., male-male, female-female etc., with false
alams of approximately 24%. Investigation of the
wavelet transform based co-channd speech detection
reveals that at least 94% of co-channel speech is
correctly detected with false alarms of approximately
28% making both methods tools for detecting co-
channel speech.

1. INTRODUCTION

Co-channel speech processing has been an area of
interest and research for over three decades. Co-channd
speech occurs when a speaker’s speech (target) is
degraded by another speaker’s speech (interferer). Co-
channel speech can occur in many situations, such as
when two AM signals are transmitted on the same
freqguency, or when two people are speaking
simultaneously (e.g. when talking on the telephone), or
due to crosstalk from neighboring communication
channels.

An application of a co-channel detection system is
shown in Figure 1. The co-channel detection system
would provide information to suspend the operation of

any speech processing system such as a speech
recognition system, speaker identification system, etc.,
whose operation would be degraded if it were processing
co-channel speech. Previously two approaches used for
detection of co-channd speech have been presented; one
was Spectral Autocorrelation Peak Valley Ratio (SAPVR)
[1], and the other used cepstral and pitch prediction
features to determine the number of speakers in co-
channel speech [2]. In this paper we present two new
methods for detecting co-channd speech.
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Figure 1. Block Diagram of Application of
Co-channel Speech Detection System.

A random signal can be modeled as cyclostationary, if its
statistical parameters vary in time with single or multiple
periodicities. The property of cyclostationarity of a signal
can be exploited to detect the presence of signalsburied in
noise andlor severely masked by interference. This
property makes this cyclostaionarity a good candidate for
detection of co-channel speech.

A wavelet transform uses localized basis functions, and
hence is capable of yielding good signal approximations
with very few terms of the wavelet transform. Because
wavelets are localized within an interval, resolution in



time can be traded for resolution in frequency, making
it feasible to investigate a particular signal interval
efficiently. A wavedet transform can be used to detect
the abrupt changes in the amplitude of the speech
signal; this property makes this approach a good
candidate for detection of co-channel speech.

2. CYCLOSTATIONARITY AND
SPECTRAL REDUNDANCY

A common assumption made by conventional statistical
signal processing methods is that the random signals
operated upon are stationary. That is, the parameters of
the physical system that generatesthe random signal are
time invariant. For most man-made signas, some
parameters do vary periodically with time and in some
cases harmonically unrelated periodicities are involved
[3]. Investigations revealed that an inherent property of
cyclostationarity signals is spectral redundancy, which
corresponds to the correlation that exists between the
random fluctuations of components of the signa
residing in distinct spectral bands [3]. This property
could be exploited to perform various signal processing
tasks, such as:

» Detecting the presence of signals buried in
noise and/or severely masked by interference.

*  Recognizing such corrupted signals according
to modulation type.

* Reduction of signal corruption due to co-
channedl interference and/or channel fading for
singlereceiver systems.

*  Linear periodic time variant prediction.

3. PROCEDURE FOR DETECTING
CO-CHANNEL SPEECH USING
CYCLOSTATIONARITY

The procedure for using the cyclostationary approach to
detect co-channel speech is described in Figure 2.

Figure 2. Block Diagram of a Co-channel Speech
Detection System Using Cyclostationarity.
CCC-Conjugated Cyclic Correlation

1. Spectral flatness (SF) of the speech was used to
determine if the speech frame under consideration

Single

Voiced

S;?eech —»  ccc [P Hamonic P Specker
Ldetection Relations _>Sl\p/|e:lll?er
Sp

is voiced [4]. A preset spectral flatness threshold
(35dB) was found by performing a set of
experiments. The spectral flatness of each frame of
speech was compared againg a preset threshold, and
any frame above the threshold is determined to be
voiced.

2. If the frame is determined to be voiced, a Hilbert
transform is performed on the speech frame.

3. Then the convolution h*(n)*h(n+t) is performed on
the Hilbert transformed signal.

4. The Fourier transform is performed on the output of
convolution. From the output of the Fourier
Transform three maxima are found. The time
difference between the first and second maxima and
the time difference between the second and third
maxima is calculated. If both the differences are
greater than a preset threshold (which was found to
be 6 by performing a series of experiments and
calculating the pitch difference), harmonic relations
exist and therefore the frame is considered to be from
asingle speaker.
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Figure 3. Harmonic Structure for Single
Speaker Speech, Original Speech Frame
(top  pand), Conjugated  Cyclic
Corrélation (bottom panel).

Figure 3 shows the original speaker speech frame in the
top pandl, conjugate cyclic correlation (CCC) of speech
signal in the bottom panel. The time difference between
the first and second maxima and the time difference
between the second and third maximain the bottom panel
of Figure 3 is greater than the threshold (harmonic
relations exist), henceit isaframe of single speaker.



Figure 4 shows the origina speech frame in the top
panel, conjugate cyclic correlation (CCC) of speech
signal in the bottom panel. The time difference between
the first and second maxima and the time difference
between the second and third maxima in the bottom
pane of Figure 3 is less than the threshold (no
harmonic relations exist), hence it is a frame of co-
channel speech.
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Figure 4. Lack of Harmonic Structure of Co-

channel Speech, COriginal Speech Frame (top

pandl), Conjugated Cyclic Correation

(bottom pandl).

4. WAVELET ANALYSIS OF SPEECH
SIGNALS

The Fourier, sine and cosine transforms are non-local
and hence there are limitations in time-frequency
resolution of these transforms. Wavdets are small
concentrated bursts of finite energy in time domain.

A wavelet transform can be used to detect the abrupt
changes in the amplitude of the speech signal, e.g., for
pitch detection, [5] [6], or for voiced/unvoiced
detection [6] [7], and is also a good candidate for
detection of co-channel speech.

If one observes a signal in a large window, gross
features will be observed. However, small features are
best observed by using small windows, which wavelet
transforms can do. This allows the wavelets to reveal all
the hidden features in the signal. This multi-resolution
capability relies on being able to dilate (squeeze or/and
expand) and trandate the wavelet. Dyadic dilation
(dilation by powers of 2) of the wavelet is the most
popular of the wavelet functions and is also easy to
implement [8] [9]. The wavelet prototype function

used for analysis is called the mother wavelet [10] [11]
[12] [13]. This function is dilated and translated to
achieve the basis function at different scales.

If x(t) isthe sgnal and P(t) is the wavelet function then a
continuous wavedet transform (CWT) [CWT(b,@)] is a
convolution of signal x(t) and wavelet function ¥(t)
expressed as.

CWTx(b, a) = % [xOW*[(t-b)/alct W
a

where “a@’ is the dilation parameter and “b” is the
trandation parameter.

5. PROCEDURE FOR DETECTING CO-
CHANNEL SPEECH USING WAVELETS

The procedure for using the wavelet approach to detect co-

channel speech is described in Figure 5.

1. To determine the voiced speech, a discrete wavelet
transform (DWT) is performed on the speech signd,
on a frame-by-frame basis to obtain the approximate
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Figure 5. Block Diagram of a Co-channel Speech
Detection System Using Wavelet Transform.
WT-Waveet Transform

and detail coefficients. The complex continuous
coefficients are obtained by computing CWT. Both
DWT and CWT are used in order to ensure the
reliability of voiced speech detection.

2. If thelength of the frameis N, then for voiced speech
the output of DWT and CWT will have about 90% of
the total energy in the first N/2 samples and only
about 10% of the total energy in the N/2+1 to N
samples.

3. For unvoiced speech, the output of DWT and CWT
will not have 90% or more of the total energy for the
first N/2 samples.

4. If aframe of speech is determined to be voiced, three
maxima are found. The time difference between the
first and second maxima and the time difference
between the second and third maximais calculated. If
both the time differences are greater than a preset
threshold (which was found to be 9 by performing
series of experiments) harmonic relations exist and



therefore the frame is considered to be from a
single speaker.

Figure 6 shows the original single speaker speech frame
in the top pandl, discrete wavelet transform (DWT) of
speech signal in the middle panel and the harmonics of
the discrete wavelet transformed speech signal in the
bottom panel. Looking at the middie panel of Figure 5
we find that at least 90% of the energy of the output of
the DWT is concentrated in first N/2 samples. Also, the
time difference between the first and second maxima
and the time difference between the second and third
maxima in the bottom panel of Figure 6 is greater than
the threshold (harmonic relations exist), hence it is a
frame of single speaker speech.
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Figure 6. Harmonic Structure for a Single
Speaker Speech, Original Speech Frame (top
panel), Discrete Wavelet Transform (DWT)
(middle pand), Lower Portion of the DWT of
the Middle Paned Showing “Harmonic
Relations” (bottom pandl).

Looking at the middle panel of Figure 7 we find that at
least 90% of energy of the output of the DWT is
concentrated in first N/2 samples but the time
difference between the first and second maxima and the
time difference between the second and third maximain
the bottom panel of Figure 3 is less than the threshold
(no harmonic relations exist), hence it is a frame of co-
channel speech.
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Figure 7. Harmonic Structure for a co-
channel speech, original speech frame (top
pandl), discrete wavelet transform (DWT)
(middle panel), lower portion of the DWT of
the middle panel showing lack of “Harmonic
Relations’ (bottom pandl).

6. EXPERIMENTSAND RESULTS

Ten speech signals (5 male, 5 female) were taken from
the TIMIT database. For each experiment, speech signals
from two different talkers were combined to form a
composite speech signa having overall TIR (Target-to-
Interferer Ratio) of O dB (equal energy). The speech
signals were sampled at 16kHz and then down sampled to
8 kHz. The frame size was 32ms. Three different sets of
experiments (malemale, female-female, mae-female)
were performed. Care was taken to ensure that the false
alarm rate of the cyclostationary method was as close as
possible to the false alarm rate of the wavelet transform
approach so that comparison of both methods was
possible.

The cyclostationary-based co-channel detection system
uses the procedure described in Section 3 to detect the
existence of co-channel speech. As described in section 3,
spectral flatness is performed on the input speech signal
to detect voiced speech. For female-female speech after
ten experiments 59.9% of co-channel speech was detected
correctly and 42.1% was missed, with false alarms of
23.1%. For malemale speech 67.8% of co-channel
speech was detected correctly and 32.2% missed, with
false alarms of 22.3%. Smilar experiments were
performed for female-male speech and the results are
presented in Table 1.

Figure 8 shows the detection of co-channel speech based
on cyclostationarity for female-female speech. The grey
segments in Figure 8 are single speaker speech, the black



segments are the co-channel speech, and the rectangles
are the detected co-channel speech segments using
cyclostationarity.
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Figure 8. Detection of Co-channd Speech
Using Cyclostationarity, Single Speaker’s
Speech (gray), Co-channel Speech (black),
Detected Co-channd Speech (rectangles).

The wavel et-based co-channel detection system uses the
procedure described in Section 5 to detect the existence
of co-channel speech. As described in section 5, DWT
and CWT are performed on the input speech signal to
detect voiced speech. Three maximas (peaks) are then
found and the time differences between the maximas are
compared to a preset threshold to detect the existence of
co-channel speech. Figure 9 shows the detection of co-
channel speech of female-female speech using wavelets.
The grey segments in Figure 9 are single speaker speech,
the black segments are the co-channel speech, and the
rectangles are the detected co-channel speech segments
using wavel et transform.

For femalefemale speech we determined, after ten
experiments, that 95.0 % of co-channel speech was
detected correctly and 5.0% were missed, with false
alams of 26.0%. For malemale speech, 93.6% was
determined as being correct and 6.4% was missed, with
27.2% false darms. Similar sets of experiments were
performed for femalemale speech and results are
tabulated in Table 1 below.
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Figure 9. Detection of Co-channd Speech
Using Waveets, Single Speaker's Speech
(black), Co-channel Speech (gray), Detected
Co-channel Speech (rectangles).

Tablel: Results of Cyclostationary and Wavelets
Based Co-channel Detection Systems.

Co-channel
speech

% False
Cyc | Wav | Cyc | Wav
Female-Female 59.9 | 95.0 | 231 | 26.0
Mae-Male 67.8 | 93.6 | 223 | 27.2
Female-Male 66.7 | 94.1 | 26.1 | 29.6
Average | 64.8 | 942 | 23.8 | 27.6

% Correct

Cyc-cyclogtationary, Wav- wavelets

As can be observed from Table 1, for female-female
speech, wavel ets-based co-channel detection system gives
a higher percentage correct as compared with the
cyclostationary-based  co-channel  detection  system.
Similar observations can be made for male-mae speech
and female-male speech from Table 1.

7. SUMMARY

In this paper we have presented two new methods of
detecting co-channd  speech, one based on
cyclostationarity and the other based on wavelets. The
results of our investigation of the cyclostationary and the
wavelet methods of co-channel detection reveal that both
systems can be used for detecting co-channel speech. The
wavelet approach has an advantage over cyclostationary
method in that it gives higher percent correct detection



when compared to cyclogtationary, without a
corresponding increase in false alarms.

8. FUTURE AREAS OF RESEARCH

The possihilities of fusing the cyclostationary method
and the wavelets method to determine a better co-
channel speech detection system could aso be
explored. Further, the properties of dtatistical shape
anaysis and modulation maps could be studied in detail
to explore the possibility of using them as methods of
detecting co-channel speech.
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