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ABSTRACT

Recently, a novel method to process co-channel speech
was proposed [1]. Previous methods include enhancing
the target speech, or suppressing the interfering speech or
both enhancing the target and suppressing the interferer.
The proposed new method searches for usable speech
frames which are usually found in clusters under co-
channel conditions. The term "usability" is context
dependent, i.e., usable in the context of such things as
speaker identification, gisting, etc. In this paper we
investigate the use of kurtosis for spotting usable speech
segments under co-channel conditions. Preliminary results
reveal that a kurtosis of 1.5 or greater occurs close to the
beginning and ends of segments of usable speech, i.e.,
they usually bracket the usable speech segment. For
Male/Male case, we observe that 92% of usable clusters
are spotted, for Male/Female case 83% of usable clusters
are spotted and for Female/Female case, 86% of usable
clusters are spotted

1. INTRODUCTION

Recently, a novel method to process co-channel speech
was proposed [1]. Previous methods include enhancing
the target speech, or suppressing the interfering speech or
both enhancing the target and suppressing the interferer.
The proposed new method searches for usable speech
frames which are usually found in clusters under co-
channel conditions. The term "usability" is context
dependent, in terms of speaker identification. However,
usability could be defined as well for speaker verification
or gisting.

Traditionally, Higher Order Statistics (HOS) algorithms
have been used for blind source separation of digital
communication signals [2][3][4][5][6], or to reduce the
inter-symbol interference between signals. Even though
digital communication signals fall under a different
statistical class than speech signals, there are some HOS
based techniques which are used for co-channel
interference removal from speech signals [7]. They are
usually computationally intensive, necessitating

correlation matrix estimation and eigen-decomposition or
polyspectra estimations, requiring signals from two
separate sources, which have different channel
characteristics.

Kurtosis is the measure of gaussianity of a signal and is
computed using fourth and second moments. One can find
a discussion of developing measures of gaussianity in
Donoho, 1981 [8]. LeBlanc et. al [9] proposed a recursive
adaptive gradient descent technique with the cost function
designed to maximize the kurtosis of the separated
interference and target speech. As we are not interested in
separating target speech from interference per se, but in
spotting usable clusters in co-channel speech, we employ
kurtosis in a different way.

2. STATISTICAL MODEL AND KURTOSIS OF
SPEECH:

Applying statistical notions to speech signals necessitates
the estimation of a probability density function (PDF). The
probability density is estimated by determining a histogram
of amplitudes for a large number of samples. Davenport
[10] made extensive measurements of this kind. A simple
approximation to the speech pdf is the Laplacian density

Paez and Glisson [11], using similar measurements, have
shown that a more accurate approximation to measured
speech amplitude densities is a gamma distribution of the
form

More recently, a refinement in the speech model has been
achieved through the use of Spherically Invariant Random
Processes (SIRP's), also known as circularly or spherically
symmetric random processes [12]. Modeling speech
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signals using SIRP's was justified by the fact that the
actual speech bivariate PDFs have been shown to exhibit
SIRP-like quality [13][14][15]. Another interesting fact is
that the random processes with Laplace or Gamma PDFs
are SIRPs.

The kurtosis of a random variable x is defined as

However, some textbooks define kurtosis as

Kurtosis is a measure of gaussianity of a Random
Variable (RV), and it is a scale independent
dimensionless parameter. A Gaussian RV has a kurtosis
of zero. If an RV has kurtosis less than zero, it is termed
platykurtic.  If it has kurtosis greater than zero, it is
termed leptokurtic. For PDFs like Gamma or Laplacian,
the kurtosis of the sum of these PDFs is lower than the
kurtosis values of the individual PDFs.

Speech signals are generally leptokurtic. This fact was
used to develop an adaptive algorithm for blind separation
of mixed speech signals, with the cost function designed
to maximize the output kurtosis [9]. The algorithm is
actually a modified version of the source separation
algorithm of digital communication signals [6]. The
modification adjusts for the differing statistics between
digital communication signals and voice signals. The
digital communication signals, being platykurtic require
minimization of output kurtosis.

It has been reported that the kurtosis of co-channel speech
is generally less than the kurtosis of the individual speech
utterances, though this may not always be the case [9].
Our experiments deal with examining the kurtosis of
individual frames rather than whole speech, and our
observations confirm that a majority of the time, the
kurtosis of the sum of speech signals are less than the
individual kurtosis of the target and interfering speech.

3. EXPERIMENTS AND RESULTS

Five speech signals (4 male, 3 female) were taken from
the TIMIT database. The original speech was sampled at
the rate of 16 kHz. We re-sampled them to 8 kHz prior to
analysis. Two speech signals were added together to
obtain co-channel data. The range of Target-to Interfere
Ratio (TIR) in individual frames varied from -20 dB to
+20 dB approximately. Analysis was done on a frame-by-
frame basis with 50% overlap. The frame length was 320
samples corresponding to 40 ms. Prior to mixing, the TIR
for each frame was computed. All frames having |TIR| >

10 dB were apriori labeled as usable, and usable frames
were then grouped into clusters.

We observed that setting a threshold of 1.5 for the kurtosis
resulted in detection of frames adjacent to the beginning
and ends of segments of usable speech, i.e., they usually
bracket the usable speech segment (usable as defined by
the by the TIR method).  Let the frames selected by the
kurtosis threshold be called Fk. We say an Fk frame is in
the vicinity of a usable cluster if it is within ±2 frames of
the end points of the usable cluster. If an Fk is not in the
vicinity of any usable cluster, it is a false alarm. A usable
cluster having no Fk in its vicinity is said to be missed.

Figure 1 shows a typical TIR magnitude and Kurtosis
frame-by-frame variations of co-channel speech. The
figure was for one Male/Male case. The usable regions as
selected by TIR criterion are indicated as regions below the
square wave. The usable clusters, as observed from the
figure, occur mostly between peaks in the Kurtosis
waveform. From the graph, setting a high threshold will
remove many false alarms at the expense of missed
clusters. However, setting a low threshold will increase the
number of false alarms. After observing similar graphs for
various cases like Male/Female and Female/Male, we
found that 1.5 is a reasonable threshold for the kurtosis.
We summarize our observations of spotted usable clusters
using the kurtosis threshold method, false alarms and
misses in Table 1 below.

For Male/Male case, we observe that around 92% of usable
clusters are spotted, for Male/Female case around 83% of
usable clusters are spotted and for Female/Female case,
around 86% of usable clusters are spotted. An important
thing to note is that kurtosis by itself does not point to
usable clusters, rather a coarse location where usable
clusters may be searched in a co-channel utterance. We
repeatedly observed that most of the Fks form the end
points of usable clusters.

Certain Fks not in the vicinity of any usable cluster were
observed. Closer inspection revealed that these were
mostly silence over silence portions. These Fks produced
false alarms. The average false alarm rate for Male/Male
case was 37%, for Male/Female case was 31% and for
Female/Female case was 18%. One has to keep in mind
that kurtosis is scale invariant and hence it is independent
of the energy of the frame. The statistics of the silence
portions were not exactly noise-like and certain portions
showed even periodicity though with very less amplitude.
A simple voicing state detection system coupled with
kurtosis criterion would avoid such false alarms.

Certain clusters that had no Fks in their vicinity were also
observed. Those are said to be missed. The maximum and
average length of a missed cluster indicates the reliability
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of this kurtosis method as a tool for usable speech
detection.  Failure to detect one large usable cluster may
overshadow the advantages in detecting number of small
usable clusters. The maximum length of missed clusters
for Male/Female and Female/Female cases were 2 frames
and for Male/Male, 6 frames. The average lengths are
1.03 frames, 2.94 frames and 1.17 frames for Male/Male,
Male/Female and Female/Female cases respectively. We
see that, on an average, approximately two usable frames
are missed by this method. Hence, this method is indeed a
good tool for usable speech detection.

An inspection revealed that the missed clusters were
bursty in nature - that is, they had unusable portions
before and after them in the same frame. The TIR
criterion would naturally pick these frames, but the
kurtosis method missed them. Occasionally we also
observed cases where the TIR of a frame with unvoiced
over silence condition would go above 10 dB and hence
incorrectly be flagged as usable. However, a failure to
detect these types of frames should not actually be termed
as a miss.

The experiments outlined in this paper are part of an
effort to build a next generation co-channel speech
processing system, with usable speech detection unit at
the front-end. The kurtosis-based criterion offers a set of
locations in the co-channel speech where the occurrence
of a usable cluster is highly likely. It offers the advantage
of selectively searching regions of co-channel speech,
rather than searching blindly. Additionally, it may be
noted that kurtosis computation is not very costly.

4. SUMMARY

The result of our preliminary investigations with kurtosis
as a tool to detect usable speech segments in co-channel
speech is promising. Even though kurtosis by itself may
not be sufficient to identify usable clusters, it provides
coarse estimates of locations that are likely to have usable
clusters in their vicinity. Suppressing processing on
obviously unusable portions, such as silence over silence,
can reduce false alarms, as the results of kurtosis on those
frames are misleading.
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Figure 1 Typical TIR magnitude and kurtosis versus frame number for one Male/Male case.
Regions under square wave are usable clusters, as spotted by TIR threshold. The solid regions are
those clusters that have at least an Fk in their vicinity. The rest of the pulses (pulses with grids)
correspond to missed clusters.

TABLE – I: Cluster Detection Statistics:
Male/Male Male/Female Female/Female

Average percentage of spotted clusters 92.4% 82.7% 87.5%
Average percentage of missed clusters 7.6% 17.3% 12.5%
Average percentage false alarm rate 37.3% 30.9% 18.3%
Maximum length of missed cluster 6 frames 2 frames 2 frames
Average length of missed clusters 1.028 frames 2.94 frames 1.167 frames


