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ABSTRACT

Co-channel speech occurs when one speaker’s speech is corrupted by another speaker’s
speech. Speech recognition systems, speaker identification systems, speech coding
systems, gisting and natural language processing systems work on the basis that there is
only one speaker’s speech. If there is more than one speaker (co-channel speech) in the
speech signal the performance of the speech recognition system, speaker identification
system etc. will be degraded, for example, speaker identification system will not be able
to make a correct decision about the speaker. A co-channel detection system could be
used to detect multiple speakers in a speech signal, thereby stopping the processing of
speech, hence preventing the degradation of the performance of speech recognition
system, speaker identification system etc. The focus of this research is to develop
mathematical parameters and criteria, which will be able to identify if there is a single
speaker or multiple speakers in the speech signal. Some possible candidates can be
cyclostationarity, spectral correlation density function, wavelets, modulation maps,
statistical shape analysis and higher order statistics. A general scheme will be presented
on how the mathematical approaches can be incorporated into a proposed co-channel

detection system.
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CHAPTER 1

INTRODUCTION

Co-channel speech has been an area of interest and research for over three decades. Co-
channel speech occurs when a speaker’ s speech (target) is degraded by another speaker’s
speech (interferer). The fact that co-channel speech is still being investigated indicates
the problems that speech processing researchers are still confronted with co-channel

Speech.

Co-channel speech can occur in many common situations, such as when two AM signals
are transmitted on the same frequency, or when two people are speaking simultaneously
(e.g. when taking on the telephone), or due to crosstak from a neighboring
communications channel. The goal of co-channel speech research has been to extract the
target speech or suppress the interfering speech from the composite signal or both. The
human auditory system is adept at resolving the speech of one talker amongst many (the
cocktail-party effect, Sayers and Cherry, 1957). Computer algorithms, which try to
emulate this feature of human auditory system, are successful only to a limited degree
(Morgan, et al., 1995; George, et al., 1995; Leg, et al., 1995; and Kay, et al., 1995). co-
channel situation poses problems to speech processing tasks like speaker identification,
speech recognition, etc., for example, speaker identification system will not be able to

make a correct decision about the speaker.



There are systems that are capable of resolving the speech signals mixed with noise, one
of them is a Voice Activity Detector (VAD). A Voice Activity Detector (VAD) was
developed to extract voiced segments from the mixture of voiced segments and noise
(Sohn et al., 1999; Kim et al., 1999; Sung et al., 1999). An advanced voice activity
detection algorithm to detect the voice segments from the noise was developed later
(Woo et al., 2000; Yang et al., 2000; Park et al., 2000; Lee et al., 2000). When voices
interfere over a monophonic channel such as telephone, detection is much more difficult

and voice may mask the noise (Chen and Ser, 1999).

Until recently, researchers have approached the detection of a speech mixed with noise,
thereby using Voice Activity Detector (VAD) to extract the speech. If detection of speech
mixed with noise were the case, intelligibility and quality of the extracted speech would
be the important characteristic considered in co-channel speech processing. However, in
co-channel speech where a speech is corrupted by another speech, the existing VAD
method cannot be used for detecting the target speech and a new approach to detection of
speech signal needs to be formulated. Cepstral and pitch prediction features are used for
determining number of speakers in co-channel speech (Lewis and Ramachandran, 1998).
A Spectral Autocorrelation Peak Valley Ratio (SAPVR) based co-channel speech
detection system was developed (Yantorno, 2000) where a spectral autocorrelation
domain is used to make a decision about whether the speech frame under analysisis co-

channdl .



1.2 PROBLEM STATEMENT

Co-channel speech occurs when one speaker’s speech is corrupted by another speaker’'s
gpeech. Speech recognition systems, speaker identification systems, speech coding
systems, gisting and natural language processing systems work on the basis that there is
only one speaker’s speech. If there is more than one speaker (co-channel speech) in the
speech signal the performance of the speech recognition system, speaker identification
system etc. will be degraded, for example, speaker identification system will not be able

to make a correct decision about the speaker.

1.3 SCOPE OF RESEARCH

The goal of the research presented in this proposal is to develop a system, which will be
able to detect co-channel speech segments in a co-channel environment. A co-channel
detection system could be used to detect multiple speakers in a speech signal, thereby
stopping the processing of speech, hence preventing the degradation of the performance

of speech recognition system, speaker identification system etc.

1.4 ORGANIZATION OF THE PROPOSAL

Chapter 2 talks about the background of speech detection, basically it talks about
detection of speech corrupted by background noise and detection of speech corrupted by
another speech.

Chapter 3 talks about the research on co-channel speech detection and how it initiated

this research.



Chapter 4 talks about the co-channel speech detection unit and the possible measures of
co-channel speech detection.

Chapter 5 gives the initia results and discussion of cyclostationarity based co-channel
speech detection system and how some other measures can be used in co-channel speech

detection.



CHAPTER 2

BACKGROUND

2.1 CO-CHANNEL DETECTION PROBLEM
Co-channel detection problem can be explained as follows, given a composite speech
signal which is the mixture of one or more speaker we need to detect the frames of

speech where there is more than one speaker is present.

Co-channel
Spesker 1 speech ?
—p\ " » Processing —» Co-channel
T Spesker 2 Speech speech!

Figure 2.1 co-channel speech detection system

In the above fig 2.1 T isthe target speech (speaker 1) and | interfering speech (speaker2),
the composite speech signal will have frames of speaker 1 alone, frames of speaker 2
alone and frames of speaker 1 and speaker 2 together. When we say co-channel speech
we are assuming that there are only two speakers. The goal of the research isto develop a

system, which detects frames that have a combination of speaker 1 and speaker 2.

2.2 PREVIOUSWORK ON SPEECH DETECTION

221 DETECTION OF A SPEECH CORRUPTED BY BACKGROUND NOISE
The initial work on speech detection were based on the fact that the voiced speech were
mixed with noise. A Voice Activity Detection (VAD) algorithm was developed in which

noise is filtered out in the frequency domain (Woo et al., 1999, Yang et al., 1999, Park et



al., 1999). Their algorithm uses log energy parameters to detect the noise period with
which time-varying noise characteristics can be reliably estimated. The advantage of the
technique is that it can prevent incorrect detections caused by unvoiced or nasal sounds
with high frequency components being covered by noise with low frequency components.
The algorithm is suitable for rea time implementation with one microphone. Also, a
speaker independent speech recognition system has been implemented for navigation
using fixed Point Oak DSP systems, which incorporates the proposed VAD agorithm.
The system enhanced the recognition rates for 12 isolated command words to 94.52%

compared with the 80.7% of the baseline recognizer.

A modified Voiced Activity Detector (VAD) was developed for the application to
variable-rate speech coding (Sohn et al., 1999, Kim et al., 1999, Sung et al., 1999). The
developed VAD employs the decision-directed parameter estimation method for the
likelihood ratio test. In addition, they developed an effective hangover scheme, which
considers the previous observations by a first-order Markov process modeling speech
occurrences. According to their ssmulation results, the proposed VAD shows significantly
better performance than the earlier VAD in low signal-to-noise ratio (SNR) and vehicular

noise environment.

Visible speech cues, which are the visible movements of the speech were used to detect
speech (Grant, 1999 and Seitz, 1999). Estimation of periodicity measure of the target

speaker was used in speech detection (Tucker, 1992).



A microphone array was used in speech detection (Chen et al., 1999 and Ser et al., 1999).
An explicit expression is first deduced for representing the signal-to-noise ratio (SNR) of
each signal segment. A constant SNR threshold is then used to discriminate between

speech and non-speech signals.

Some of the co-channel speech detection systems, which were outlined above are briefly

explained below:

22.11VOICE ACTIVITY DETECTION USING A PERODICITY MEASURE

Figure 2.2.1.1 shows the structure of a Least-Squares Periodicity Estimator (L SPE) based
VAD. In addition to the main LPSE section, there are the pre-processing and post
processing sections and an energy detector. The LPSE calculation uses nonoverlapping
25ms frames on a 200-1000 Hz bandwidth signal. A narrow bandwidth is used to
minimize the probability of an inband interference signal, while still allowing effective
periodicity detection. The signal is two-times over-sampled at 4kHz to give extra

resolution for the periodicity detection.

The energy detector is included to prevent the detection of very low-level signals in the
presence of larger signals. If Automatic Gain Control (AGC) has not been applied to the
input signal, the detection threshold needs to adapt to the input signal level. The purpose
of energy detector is to pass signals that might be speech, while rglecting any signal that

is definitely not speech.
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Figure2.2.1.1 Least-squares periodicity estimator (L SPE) based VAD.

The preprocessor is needed to detect, and if possible remove periodic interference. When
it detects interference, the preprocessor suppresses the L PSE detector, because there may
be residual periodicity even after tone removal. The postprocessor is required to provide
less sensitive but more robust detector in the presence of interference. Different
environments will have different interferences, so that exact nature of the preprocessor

will depend on the expected type of interference.

2.2.1.2 SPEECH DETECTION USING MICROPHONE ARRAY

Microphone array was used to detect speech in a noisy environment (Chen and Ser,
2000). An explicit expression was first deduced for representing the signal-to-noise ratio

(SNR) of each signal segment. A constant SNR threshold was then used to discriminate



between speech and nonspeech signals. They considered a linear microphone array of M
wideband sensors, which receive the plane wave generated by a wideband source
(speaker) in the presence of Gaussian white noise wavefield. The noise was assumed to
be independent of the speaker, and the noises in different frequency bins are assumed to

be uncorrel ated.

From the algorithm described above, we can obtain the SNRs for al the frequency bins.
These SNR’'s are normally not of the same value. For example, for pitch or formant
frequencies, the SNR would be much higher. Through simulations and experiments, Chen
and Ser, (2000) found that for the purpose of detecting the presence of speech signal, the
first two or three largest SNR'’s could be averaged to represent the SNR of the analysed
segment. A predetermined SNR threshold can then be used to classify all the segments

into speech and nonspeech signals.

Estimation errors would result from the above method due to the nonstationary nature of
speech signals, the limited length of observed data and the size of the microphone array.
In addition, some modeling inaccuracies, such as coloured and correlated noise, array
sensor position errors, etc. could also affect the performance of the method. This is the
drawback of the system developed by Chen and Ser, but however since they considered
only one speaker to be present whose power is dominant most of the time, the proposed

system works well.



222 DETECTION OF SPEECH CORRUPTED BY ANOTHER SPEECH

Spectral Auto Correlation Peak Valley Ratio (SAPVR) based co-channel detection
system was developed by Yantorno (2000). For the SAPVR method, it has been
determined that one can use the spectral autocorrelation domain information to make a
decision about whether the speech frame under analysisis usable. Therefore, if aframe of
speech is determined to be voiced, and there is only one speaker talking or the other
speaker’s energy is low, either because it is unvoiced speech or ssmply just low energy,
then one would expect it to have well defined spectral autocorrelation. This means that
SAPVR number should be large for the frame under investigation should have a large.
Therefore, if one were to use a method for detecting voiced speech frames and then
perform the SAPVR, one would expect the SAPVR value to be high for speech with a
well-defined spectrum with nice harmonic structure. If there is little or no harmonic
structure (asis usually the case for co-channel speech) then one would expect the SAPVR

value to be low thereby detecting the frame as co-channel.

It should be noted that, none of the methods discussed above except the ones by Lewis

and Ramachandran (1998) and Y antorno (2000) dealt with co-channel speech.

10



CHAPTER 3

RATIONALE FOR RESEARCH

As discussed earlier, the usual approach of co-channel speech processing is to enhance
the target speaker’s speech or suppress the interferer’s speech or both. This research is
focused on developing a novel method in which extraction of speech is not the initial
concern per se but rather determining which portions of speech is co-channel. This co-
channel speech detector, will avoid the co-channel speech to degrade the performances of
speaker identification system etc., will be an important unit of a more complex system.
Hence, the scope of this research is the development of co-channel speech detection

techniques.

The motivation for the current research is based on co-channel speech detection system
performance experiments under additive noise and corrupting speech conditions by
Yantorno (2000). His investigations, where he used SAPVR, have revealed that co-
channel speech detection system works better for male speech when compared to female

speech. The investigations and results are outlined below

11



3.1 CO-CHANNEL SPEECH DETECTION BASED ON SAPVR METHOD

Figure 3.1 shown below is the system, which detects the co-channel speech based on
SAPVR (Yantorno, 2000). This system is very similar to the one, which has been used
for usable speech detection (Krishnamachari et al., 2000). The input speech signal isfirst
windowed and speech is then classified as voiced speech or not using voiced speech
detection system (spectral flatness). FFT is performed on the voiced speech and then the
autocorrelation of the speech signal is computed and the resulting function is compared
with a preset threshold and if it is above the threshold it is co-channel speech, elseit is
not. If aframe of speech is determined to be voiced, and there is only one speaker talking
or the other speaker’s speech is low energy, either because it is unvoiced speech or
simply just low energy, then one would expect it to have a well-defined spectral
autocorrelation, which means that it should have a large SAPVR number. Therefore, if
one were to use a method for detecting voiced speech frames and then perform the
SAPVR, one would expect the SAPVR value to be high for speech with a well-defined
spectrum with nice harmonic structure, whereas if there is little or no harmonic structure
(asis usudly for co-channel voiced speech) then one would expect the SAPVR value to

be low.

It should be noted that we cannot detect co-channel speech all of the time but only part of
the time and that is during voicing, i.e. for voiced speech. Therefore one must have a

reliable method for ensuring that the portions to be tested are voiced.

12
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Figure 3.1 Co-channel speech detection system based on SAPVR.

Y antorno (2000) performed a series of tests using a standard approach for determining
voiced-unvoiced-silence of an utterance, i.e. energy and zero-crossings. However, the
traditional voicing-unvoiced-silence approach has limitation, in that one must determine
the zero crossings thresholds. However, there is another method which allows one to
extract voiced speech in a straightforward way, and that method is called Spectra
Flatness. For speech, the spectral flatness can vary from 0dB for unvoiced to —60dB for

voiced. A plot of spectral flatness study is shown below in figure 3.2a

Spectral Flatness Measure is given by,

SFM dB = 10l Oglo(Gm/Am) (31)

where,

13



Gm =P mag (i) and A =Smag (i). Gr-geometric mean and A-arithmetic mean,

mag (i) is each of the magnitude spectral lines and N is the number of FFT points or

spectral lines.

3.2RESULTSAND DISCUSSION OF SAPVR BASED DETECTION SYSTEM

Figure 3.1 above shows the SAPVR based speech detection system. Initia results using
the spectral flathess and SAPVR measure for co-channel detection are shown in the
figure 3.2. Figure 3.2 shows the speech file and the associated spectral flatness per frame.
Figure 3.3 illustrates the effectiveness of using spectral flatness, the threshold for
accepting the frame was —40dB, therefore all frames with a measure less than —40dB are
considered as being voiced. The frames that are indicated as above the threshold in figure
3.3 are actually frames below the threshold, i.e., more negative. We know that if one
were to use a method for detecting voiced speech frames and then perform the SAPVR,
one would expect the SAPVR value to be high for speech with a well-defined spectrum
with nice harmonic structure. If there is little or no harmonic structure (as is usually for
co-channel voiced speech) then one would expect the SAPVR value to be low, results
using this concept are shown in figure 3.4.Note, positive rectangles indicate co-channel

speech detected and negative rectangles indicate false alarms.

14



Spectral Flatness Study - Co-channel Data fvmhiosk.bin & madczerosil.bin 23-Apr-2001
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Figure 3.2 Spectral Flatness Study- a measure of detecting voiced speech
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Figure 3.3 Spectral Flatness Study- black - usable speech, grey — unusable speech
black lines — voiced speech
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Co-channel Detection Study - fvmhiosk.bin & madczerosil.bin 23-Apr-2001
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Figure 3.4 SAPVR method for co-channel detection- 1.0 correct frames, -0.5 missed frames
-1.0 false larm frames

The operational characteristics in terms of percent correct, percent missed and percent
false alarms for both speakers were performed. Results of the system showed that for a
female-male co-channel speech, 66% were correct, 42% were false alarms, 34% were
missed with a confidence level of 49% and for a male-male co-channel speech the results
were 66% were correct, 21% were false aarms and 34% were missed and with a
confidence level of 74%. It is interesting to note that when using the SAPVR for co-

channel detection that the system performs better with male speech than with female.
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CHAPTER 4

CO-CHANNEL SPEECH DETECTION SYSTEM

4.1 DETECTION OF CO-CHANNEL SPEECH

The problem we are attempting to solve is, given a speech signal, which has co-channel
speech (target speech corrupted by interfering speech) segments in it, how to spot and

detect the co-channel speech segments of the speech signal.

4.2 PROPOSED CO-CHANNEL SPEECH DETECTION SYSTEM
The co-channel speech detection unit, which can be used as the front-end of the potential

next generation speech processing system, is shown in figure 4.2

Weighting
—» Time —» Factor Co-Channt
Domain Speech!
Measure #1
Co-channel
speech? Voiced Speech
— % Detection Freq Weighting Information
System » Domain [ » Factor ‘ Fusion/Detect |
ion System
Time Weighting
—» Domain P Factor
Measure #2

Figure 4.2 Proposed co-channel speech detection system
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4.3 POTENTIAL CO-CHANNEL DETECTION CANDIDATES

Some potential candidates for dectecting co-channel speech are:

1. Cyclostationarity

2. Wavelets

3. Statistical Shape Analysis.

4. Higher Order Statistics (PolySpectra).

5. Modulation Maps

43.1. 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 physica
system that generates the random signal are invariant with time. For most man-made
signals, some parameters do vary periodically with time and in some cases harmonically
unrelated periodicities are involved (Gardner, 1991). These random signals can be
modeled as cyclostationary, in which the statistical parameters vary in time with single or
multiple periodicities. Investigations by Gardner (1991) revedled 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 signal
residing in distinct spectral bands. This property could be exploited to perform various

signal processing tasks like

18



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-channel interference and/or channel
fading for single receiver systems

Linear periodic time-variant prediction

43.11CYCLIC AUTOCORRELATION FUNCTION

A signal can be modeled as cyclostationary if its statistical parameters vary in time with
single or multiple periodicities. Cyclic autocorrelation function is used to identify
whether a random signal exhibits cyclostationarity. The conventional autocorrelation

function of asignal x (t) for lag t isdefined as

Ry (t) = <x (t+t/2) X (t-t/2)> (4.1)

where * denotes complex conjugation and <.> denotes ensemble averaging. The cyclic

autocorrelation function is defined as

D .
Rt)=<x(t+t /2X (t-t/2)e ' > 4.2)
Note that R (t ) reduces to Ry(t) for a = 0. A random signal x(t) exhibits second order

periodicity if and only if the Power Spectral Density (PSD) of the delay-product signal

for some delayst contains spectral lines at some nonzero frequencies at 0, such a signal

19



is said to exhibit cyclostationarity of second order. The cyclic autocorrelation function

can actually be expressed as a conventional cross correlation function

R.(t)=<u(t+t /v (t-t/2)>= R (t) 4.3)
where,

u (t) =x (t) (4.4)

v (1) = x (1) eTPat (4.5)

4.3.1.2 SPECTRAL-CORRELATION DENSITY FUNCTION:

The relation between conventional autocorrelation function and Power Spectral Density
(PSD) function is given by the wel known Wiener-Khintchein theorem, that is,
autocorrelation function and PSD form Fourier transform pairs. If Ry (t) is the

autocorrelation function of asignal x(t) and Sc(f) isits PSD, then we have the relation
+¥ )
S(f) = R(t)e 1207 it (4.6)
-¥

Likewise, the Fourier transform of the cyclic autocorrelation function RE(t) is caled

Cyclic Spectral Density or Spectral Correlation Density (SCD). Thus, SCD is defined as

S(f)= R t)e 121 gt 4.7)

Since the cyclic autocorrelation could be expressed as conventional cross-correlation, the
SCD can aso be expressed as conventional cross-spectral density Suv (). That is

S (f)° Sw(h),

Where, Sy (f) is the cross-spectral density of the signals u (t) and v (t) defined in the

previous section. The above identity suggests an appropriate normalization for S22 (f), as

20



long as the PSD of x (t) contains no spectral lines at either of the frequencies f + a/2, the
correlation of the spectral components is actually a covariance, since the means of the
spectral components are zero (Gardner, 1987). When normalized by the geometric mean
of the corresponding variances, which are given by

S, (f) = Sx (f+a/2) (4.8)
and

S, (f) =  (f-a/2) (4.9)

the covariance becomes a correl ation coefficient

Su(f) S () ° .,
S(OS(OF? [s(f+aias(f-argf? <" (4.10)

Since |r,(f)| is bounded to the interval [0,1], it is a convenient measure of the degree of
local spectral redundancy that results from spectral correlation. For example, if

Ir® (F)] =1, we have complete spectral redundancy at f + a/2 and f - a/2.

432WAVELETS

The Wavelet Transformation (WT) is defined as the convolution of a signal x (t) with a
wavelet function Y (t) shifted in time by a trandation parameter and dilated by a scale
parameter. Wavelets are mathematical functions that divide data into different frequency
components, and then analyze each component with a resolution matched to its scale. A

wavelet is a function with some special properties. Wavelet is one that has small

21



concentrated burst of finite energy in the time domain and it exhibits some oscillations in
time. The continuous Wavelet Transform (CWT) is defined as the convolution of asignal
x(t) with a wavelet function Y (t) shifted in time by a trandation parameter ‘b’ and a
dilation parameter ‘a and is given by
CWTy (b, a) =(U/Ca)X () @ (t-b)/adt (4.11)
Where the @ (t) is the wavelet transform and &' (t) is the complex conjugate of @ (t). The
wavelet is either compressed or expanded depending on the choice of ‘a. Hence the
CWT can extract both the local and global variations in the signal x(t). The CWT is
defined as the Dyadic Wavelet Transform (DyWT) if the scale parameter ‘a in equation
4.11 is discretized along the dyadic sequence 2, wherej=1,2... The DyWT is defined as
D,WT (b,2) =1/2Xt) @& (t-b)/2dt (4.12)
The DyWT exhibits various interesting properties such as linearity, time shift invariance
and the detection of sharp and slow variations in the signal, which makesit an useful tool
for the analysis of speech signals and hence could be a good candidate for detection of

co-channel speech.

4.3.3 MODULATION MAPS

Modulation mapping is a technique that provides an effective method for segregating
voiced speech from competing background activity. The maps are constructed by
computing modulation spectra in a bank of auditory filters. The reassigned spectrum,
which is a new time frequency representation, allows a reduction in the window size from

200 msto 50 ms without a loss of performance (Kodera et al., 1978; Auger et al., 1995).
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The reassignment method was first proposed by Kodera et al., (1978) in order to improve
the resolution of the spectrogram. The method assigns the value of the spectrogram to the
center of gravity in the analysis window as in the normal Fourier Transform. When
applied to the spectrogram, the point of assignment is moved in time and frequency.
However, when time information is not required, only frequency displacement is
computed, leading to the definition of the reassigned spectrum. The frequency
displacement uses the phase of the Fourier Spectrum, and can be computed using the

ratio of the Fourier Transforms as

i STFT, (V)§
Vr :V' Im!, b“_Idh(\/)b h(\/)tI

i [STFT, (V)

(4.12)

Where,
V. isthe reassigned frequency point,
V isthe frequency point using the normal Fourier Transform,
STFTy isthe Short Time Fourier Transform using the window h, and
dh is the time derivative of the window h.
The reassigned spectrum is resampled at regular points. The value of the spectrum at each
point is computed by summation of all the points faling into the same bin. Bins

containing no frequency points are set to 0.

Meyer et al., (1997) tested the modulation maps on a ‘double vowel’ identification task
that has been used extensively in psychophysical experiments. The approach used was to
split the signal into 32 bandpass filtered channels, using an auditory filter bank. Fourier

transforming the half-wave rectified and low pass filtered output further expanded each
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channel. The map codes amplitude modulation frequency against the channel frequency.
This representation allows two simultaneous voiced sounds to co-exist as separate but
interleaved patterns, provided they have different pitch. Investigations by Meyer et al.,
(1997) reveded that, in a‘double vowel’ identification experiment, if 204.8 ms windows
are used, both conventional and reassigned spectrogram require around 6 Hz separation
to identify the target. If 51.2 ms windows are used, the conventional spectrogram requires
25 Hz pitch separation to identify the second vowel, while the reassigned spectrogram is

still able to separate vowels with only 6% pitch difference.

From the discussion above, the reassigned spectrum seems to be a candidate in
identifying co-channel speech under co-channel conditions. Further investigations are
needed to identify parameters that could be used to spot co-channel speech segments

from reassigned spectrum.

434 STATISTICAL SHAPE ANALYSIS

Shape is defined as the geometrical information that remains when location, scale and
rotational effects are filtered out from an object. For an object, a landmark is a point of
correspondence on each object that matches between and within populations (Dryden and
Mardia, 1998). Shape analysis is of great interest in a wide variety of disciplines like

image analysis, archaeol ogy, geography, geology, agriculture and genetics.
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We note that for a voiced frame, its time domain waveform, its LPC spectrum and its
autocorrelation of magnitude spectrum have well defined structure, and this structure is
degraded by interfering speech. There are distance measures available, which indicate
how dissimilar the shape of two objectsis. An example is full Procrustes distance. Once
we fix the landmarks and consequently the shape of a voiced speech (or its LPC spectrum
or its spectral autocorrelation), the corresponding shape of frames from a co-channel
speech could be compared with this reference by computing the distance measure. A
threshold could then be fixed on the magnitude of the distance measure, depending on
how serious the interference is, and hence it could be determined if co-channel speech is

present in aframe.

4.35HIGHER ORDER STATISTICS (POLYSPECTRA)

We are familiar with power spectrum, which is the Fourier Transform of the
autocorrelation function of a random process. The k-th order polyspectrum is defined by
(Priestly, 1981; Nikias and Raghuveer, 1987)

Ck (W]_,Wz,...., Wk-l) =

Colt 1ot oot )| <¥ . eXp (Wit 1 +Wat 2+ AWt k1) (4.13)
-¥

o

¥ oty

HIII mo«

t

A sufficient condition for the existence of the polyspectrum Cy (Wi, W, ... W.1) is that the

associated kth-order cumulant c(t 1, t 2,... t k1) be absolutely summable as shown by
¥

¥
A - Aottt )| <¥ (4.14)

t=-¥ t, =¥
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The power spectrum, bispectrum and trispectrum are specia cases of the kth-order
polyspectrum. Specifically, we may state the following:

1. For k=2, we have the ordinary power spectrum.

C,W,)= § c,(t,)exp(- jwt,) (4.15)

ty=-¥
which is arestatement of Einstaein-Wiener-Khintchine relation.

2. For k = 3, we have the bispectrum, defined by

¥

¥
Ciw,wy) = a a Ctyty)expl- jwt, +wi,)] (4.16)

tl=-¥t2=-¥

3. For k=4, we have the trispectrum, defined by,

¥

Y ¥
Ciwp,wo,wy)=a a a Gty t)expl- jlwt, +wit, +wi,)] (4.17)
t 3=

1= ¥t 2= ¥ 1 3= ¥
The kth-order cumulant c(ty, to,... tk1) and kth-order polyspectrum Cy(wi,We,...Wk-1)
form a multidimensional Fourier transform. In general, Ci(W1,W>,...Wk-1) IS complex for
order k higher than 2. Moreover, the polyspectrum is a periodic function with period 2p.

An outstanding property of polyspectrum is that all polyspectra of higher order than two
vanish when the process is Gaussian. This property is a direct consequence of the fact
that al the joint cumulants of order greater than 2 are identically zero. Thus higher-order
spectra measure the departure of a stochastic process from Gaussianity (Priestly, 1981,

Nikias and Raghuveer, 1987).
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CHAPTERS

RESULTSAND DISCUSSION

As mentioned before the problem we are trying to solve is to detect co-channel speech (a
speaker’ s speech corrupted by another speaker’s speech). The following section discusses
how cyclostationarity can be used and initial results of the cyclostationarity based co-

channel detection system.

S.1INITIAL RESULTS AND DISCUSSION OF CYCLOSTATIONARITY BASED

DETECTION SYSTEM

The cyclostationarity method for detecting the number of speakers in a speech signal was
proposed Wenndt, S. (2000). It works as follows, first each frame of speech is classified
as voiced, unvoiced or silence and the sampling rate are chosen to be 16000 using voicing
state determination algorithm. To determine whether the frame is voiced, unvoiced or
silence the zero threshold is set depending upon the frame size which is 512. Now the
total number of frames in the data (length of the speech data/frame size) is calculated.
The beginning and end point of each speech frame are located. The energy, zero crossing
and zero thresholds are calculated. From the above data it is determined if the frame is

voiced, unvoiced or silence.

A frame is termed to be a “voiced” if the zero crossings is less than or equal to zero
threshold and zero crossings is greater than 0, and energy is greater than energy

threshold.
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A frame is termed to be a “unvoiced” if the energy is greater than energy threshold and
zero crossing is greater than zero threshold, and it is termed as a “silence” if energy is

less than or equal to energy threshold.

After determining if the frame is voiced, unvoiced or silence the following procedure is

adopted.

If it is a voiced frame then Conjugate Cyclic Correlation is used where in the Hilbert
transform of the signal is performed. Say s(n) is the Hilbert transform of the given voiced
frame then s(n)*s(n+t) is computed and the magnitude is computed. If there are harmonic

relations then there is a single speaker and if not there are 2 speakers.

If it is an unvoiced frame then DFT of the frame is performed and if there are harmonic
relations then 2 speakers are present and if not there is only one speaker is present. This

procedure is shown in the block diagram (figure 5.1).

28



Speech

Voiced

Single

CCC Ly yes Speakel
Harmonic .
: —» Multip
Voice Speech Relatinns no Speake
Detection System _

Single
L, yes Speak

> DFT Harmonic L Mult
Unvoiced Realatinng no Spléalkl

Figure 5.1 Cyclostationarity Based Co-channel Speech Detection System

The results of co-channel speech detection based on cyclostationarity are shown in
figures below. Figure 5.2 shows the result using the cyclostationarity as a measure for co-
channel detection for a voiced speech, as we can see it has well defined structure with
harmonically related peaks. Since it is a voiced speech, as described before we ook at the
Hilbert transform of the signal to seeif there are harmonic relations then there is only one
speaker or else multiple speakers. When we come down to figure 5.3 which is for
unvoiced speech we see some distortion in the structure and since it is a unvoiced speech
we look into the DFT of the signal and look for harmonic relations and based on that we
decipher the number of speakers in the speech signal. Figure 5.4 which is for silence it is
nothing but distortion (no proper structure). Further investigations are needed to estimate
the efficiency of the co-channel system based on Cyclostationarity.

The point to be noted is though the speech signa which is fed as input to the
cyclostationarity system is a combination of two speech signals the co-channel speech
has randomly mixed frames of single speaker and two speakers and hence we can’t detect

co-channel speech al the time. If we have a co-channel speech, which has sequential
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combination of single speaker, and two speakers it will be easy to estimate the efficiency
of the system since we know which frame is single speaker and which frame is two
speaker. This is another area of research which will be generating artificial data which

has a known combination of single speaker and two speakers.

malel+femalel, figure 10, voice
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Figure 5.2 Cyclostationarity as a method of co-channel detection system for voiced speech
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malel+femalel, figure 3, unvoice

(

T

(

T

(

T

(

T

(

T

(

(

350

400

100 150 200 250 300

|DFT]|
N A O ®

|ccl
-
P

lco—charpnel sm?ech 512 samqles = 32 msec,

[

i

[

[

200 400 600 800 1000 1200 1400 1600 1800 2000
freauencv - Hz
T T T T T T T T T ]
L L I 1 L L L L
10 20 30 40 50 60 70 80 90 100

frequency (Hz), speakers = 1, TIR = 4.6851

Figure 5.3 Cyclostationarity as a method of co-channel detection system for unvoiced speech

Amplitude

0.05

-0.05

|DFT]|

lccl

malel+femalel, figure 5, silence

[

T

[

T

[

T

[

T

[

[

100

150

200

250

300

350

400

co-channel speech. 512 samples = 32 msec,

[

1

[

[

[

800

1000

1200

frequency - Hz,

Il
1400

1600

1800

2000

[

T

T

T

T

T

T

T

10

20

30

40

50

60

70

80

frequency (Hz), speakers = 0, TIR = -8.0012

90

Figure 5.4 Cyclostationarity as a method of co-channel detection system for silence

31



Some other measures which iam planning to investigate as said before are wavelets,

modul ation maps, statistical shape analysis and higher order statistics.

5.2WAVLETS

Wavelets as said before are finite bursts of energy in time domain and these are
mathematical parameters, which divide data into different frequency components. A
Wavelet transform is a convolution of signal  x(t) and awavelet function Y (t). The
wavelet functions can either be linear phase wavelets (symmetrical or anti-symmetrical
about any point), e.g. haar wavelets, spline wavelets and gaussian wavelets or wavel et
functions can be minimum phase wavelets (neither symmetrical nor anti-symmetrical
about any point). Abrupt changes in the signal level can be determined using the wavel et
transform which makes it a possible measure for detecting co-channel speech since if

there is a co-channel speech in asignal there will be a distinct change in the signa level.

5.3

MODULATION MAPS

Modulation maps are constructed by computing the modulation spectra (modulated
power spectra) that give rise to a new spectrum, which is called a reassigned spectrum
(shifted in frequency). The maps divide the spectrum into different frequency
components and it codes the amplitude modulation frequency versus the channel
frequency, thereby allowing two sounds to co-exist if they have different pitch periods. It

has also been determined that if two vowels are separated by 6Hz modulation maps are
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able to identify them distinctly. Since modulation maps can identify two different sounds
separated by 6Hz it can be used for detecting co-channel speech.

5.4 STATISTICAL SHAPE ANALYSIS

Shape by definition is geometrical information, which is invariant. In statistical shape
analysis alandmark (point of correspondence) is fixed and the distance of signal samples
from the landmark is calculated. This distance measure is known to indicate the
dissmilarity in the shape. First a landmark and shape of the voiced speech is fixed and
the frames of the input speech signal is compared with the reference by computing the
distance measure and if there is a co-channel speech coming in there will a distinct

dteration in the distance measure by which we can detect co-channel speech.

55HIGHER ORDER STATISTICS (HOS)

Higher order statistics such as skewness, kurtosis etc. have been used in detection of
speech from background noise. An expression for 3 order and 4™ order cumulants is
derived first and the properties of these cumulants have shown that HOS for speech noise
is distinct and since co-channel speech is noise like though not noise this property can be

exploited in detecting co-channel speech.

In the next few months iam going to investigate more about the possibility of wavelets,
modulation maps, statistical shape and higher order statistics being a co-channel detection
measure and probably focus on two of most promising ones to develop a detection

measure based on them.
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