ABSTRACT

Voice Activity Detection with Stochastic Resonance

by

Tlker Ozcelik

Stochastic resonance methods have recently been shown to improve the performance of
certain suboptimal signal processing systems. In this thesis, we apply stochastic resonance
to speech signal processing. In particular, we present a method to improve detection per-
formance of a suboptimal voice activity detector without changing it. In our experiments,
we use Sohn and Sung’s voice activity detector as our reference detector. This detector
was designed by using the Generalized Likelihood Ratio Test (GLRT) method under the
assumptions that speech and noise signals are Gaussian random processes that are indepen-
dent of each other and the Discrete Fourier Transform (DFT) coefficients of each process
are asymptotically independent Gaussian random variables. However, recent studies have
shown that Laplacian and Gamma distributions more accurately represent DF'T coefficients
of clean speech and noise signals. Therefore, Sohn and Sung’s voice activity detector is sub-
optimal because of its underlying design assumptions and can be improved. In this study, in
order to improve detection performance, the input signal of the detector is preprocessed us-
ing the bistable SR system used as an SR filter. Optimum SR filter parameters are obtained
by using the deflection coefficient. Due to the high complexity of the signal of interest, the
coefficients are found in an iterative manner. Experiments conducted on different input sig-
nals and training data sets showed that it is possible to get optimum parameters, even when

only 20% of the input signal is used as training data, if it has enough information about



the distribution of input signal. The detector performance of the system before and after
the SR filter is compared using the Receiver Operating Curves (ROC). From the ROCs,
we observe that our method improved detection performance up to 17.5% for lower false
alarm rates and up to 4.5% for higher false alarm rates. Based on the simulation results,
our method is an efficient method to improve detection performance of suboptimal voice

activity detector.
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Chapter 1

Introduction

1.1 Background

In today’s developing world, in a quest to meet the needs of people, researchers study
challenging “real life” problems everyday. Scientific knowledge plays a very important
key role both in solving these problems and in establishing necessary background for
future problems. However, these problems are not always easy to understand and
there isn’t always existing knowledge to provide a straightforward solution. Thus,
both during the evolution of scientific knowledge and in the development of new tech-
nologies, assumptions and hypotheses are often used. It is very important to make
reasonable and consistent assumptions while solving problems or designing systems,
in order to get good results.

As previously stated, assumptions are a necessity in solving real life problems with
limited knowledge. On the other hand, assumptions serve only as reasonable substi-
tutes of complex phenomena. If they are not completely correct, systems designed
based on these assumptions will be suboptimal. Only a complete understanding of
these phenomena will lead us to optimum solutions. Therefore, until obtaining the

optimum solutions, one could replace the systems with increasingly better ones which



would arguably be a continual process. This, however, is not cost or time efficient,
and is thus a less desirable option. This motivates the question, “ Is it possible to
improve suboptimal system performance without making major changes?”

Recent research [2],[3],[4] shows that under suitable conditions, stochastic res-
onance (SR) can be a promising candidate to make performance improvements of
suboptimal systems. Stochastic resonance is defined as “a nonlinear physical phe-
nomenon in which the output signals of some nonlinear systems can be enhanced by
adding suitable noise under certain conditions.” [2]. Specifically, stochastic resonance
is a way to improve system performance under certain conditions by changing the in-
put signal, instead of changing the system itself.

The term Stochastic Resonance was first used by Benzi et al in 1981 while explor-
ing as to why ice ages in the Earth occur periodically. Two years later, Fauve et al
reported that the SR phenomenon was observed in their Shemitt trigger experiment
[5]. Stochastic Resonance has been both observed and studied in many physical and
biological nonlinear systems in the past three decades. Researchers have developed
many explanations for this phenomenon. In the beginning, stochastic resonance was
only observed in bistable systems. Next in the mid nineties, it was further investi-
gated in neural and excitable systems. Then, the SR concept which was investigated
only for weak periodic signals, was generalized to aperiodic signals. Different distri-
butions of additive noise were also investigated besides the Gaussian distribution.

More recently, stochastic resonance has received a lot of attention in both commu-



nication and signal processing areas. Many image processing [6],[7], and weak signal
detection problems [8],[9],[10],[11] have been investigated using stochastic resonance.
In this thesis, we use stochastic resonance to improve detection performance of an

existing voice activity detector, without any detector manipulation.

1.2 Motivation

Voice activity detection (VAD) plays a very important role in the areas of audio
signal processing and communication. By distinguishing the presence or absence
of the speech signal, noise statistics of the input signal can be obtained and used
while designing robust speech recognition systems. Also communication channels
can be used more efficiently by using speech absent time frames for sending other
speech signals. Researchers have proposed many different types of voice activity
detectors thus far. Earlier studies of voice activity detection focused on the various
characteristic features of audio signals. Features such as energy, periodicity and zero
crossing rate comprised the basis for the research studies. The focus of recent studies
has shifted toward the statistical properties of signals [12],[13],[14],[15].

In many statistical VAD studies, the design of the detectors was based on the
assumption that “Speech and noise signals were Gaussian random processes that
were independent of one another and discrete fourier transform (DFT) coefficients
of each processes were asymptotically independent Gaussian random variables” [12],

[15], [16]. However, later investigations proved this to be wrong. Recently it has been



reported that Laplacian and Gamma distributions more appropriately represent signal
and noise DFT coefficient distributions [13]. It has been shown that detectors which
are designed based on these distributions [13], [17] exhibit better performance. It is
also important to note that, when considering the varying environmental conditions,
one cannot assume a fixed distribution for the noise signal. Therefore, the proposed
detectors are only optimum if the underlying assumptions are completely correct,
which in general is not the case.

In order to get better detection performance, one can replace the existing detector
with a better one that is matched better with the underlying statistics. However,
sometimes replacing the system may not be easy or even possible. Therefore, as
previously mentioned, stochastic resonance may be used to improve the performance
of suboptimal systems under certain conditions. In our study, we use bistable SR
model to improve Sohn and Sung’s voice activity detector’s [12] detection performance

without making any changes in the detector.

1.3 Problem Definition

As we stated in the previous section, voice activity detectors are designed based on
different signal and noise distribution assumptions. These assumptions are corrected
with a better understanding of the signal of interest. In the beginning, it was assumed
that Gaussian distribution can be used to represent DFT coefficient distributions of

these signals, but recent research showed that these coefficients can be represented



more accurately with Gamma and Laplacian distributions. It is obvious that these
systems will give optimum performance only if the underlying assumptions are com-
pletely correct. However, we do not currently have a complete understanding of these
signals. It should be noted that different environmental noises have different domi-
nant frequency components, thus it is not correct to assume that different kinds of
environmental noises have the same distribution. Therefore, it is possible to improve
the performance of these suboptimal systems.

We propose a method to improve suboptimal voice activity detector performance
with stochastic resonance. Instead of changing the detector’s structure, we prepro-
cess the input signal by using bistable stochastic resonance. The system is tested
with different input data sets under different environmental noises and signal to noise

ratios (SNR).

1.4 Voice Activity Detection

Environmental noise always affects speech processing systems. In order to overcome
this problem and improve the system performance, noise statistic (¢2) should be esti-
mated. Voice activity detectors (VAD) help to estimate noise statistics by detecting
noise only frames in the input signal. Voice activity detection is not limited to help
estimate noise statistics, it can also be used to help Robust Speech Recognition, Dis-
continuous transmission and so on. Ramirez et al defined voice activity detection

as, “a technique used in speech processing in which the presence or absence of human



speech is detected”[18].

Feature Decision Decision Final Decision
B — . .  E——
S() Extraction 2 Module vabo | Smoothing VAD()

Figure 1.1 : Voice activity detector block diagram

Frame based detection is performed in voice activity detectors. In order to decide
the presence or absence of the speech signal, the input signal is split into time frames
where the signal is assumed to be stationary. Then, each frame is evaluated in the
detector consecutively. A block diagram of VAD is shown in Fig. 1.1. A typical
VAD consists of three blocks: feature extraction, decision and decision smoothing.
In the feature extraction block, one or more input signal features are obtained and
decision variables are generated. Then, in the decision block, these decision variables
are evaluated by a decision rule. Here the presence or absence of the speech signal is
decided. Finally, some of the errors which are made in the decision block are corrected
in the decision smoothing block. If the detector decides that a speech signal is present
it is called an Active frame, otherwise it is called an Inactive frame. The results of a
three seconds speech signal voice activity detection can be seen in Fig.1.2.

Some of the most commonly used voice activity detection methods are based
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Figure 1.2 : Active and Inactive frames.

on[18]:

e Energy thresholds

Pitch detection

Spectrum analysis

e Zero crossing

Periodicity

Statistical based

Many different VAD algorithms have been proposed by using these methods. Some

of the desirable aspects of a VAD algorithm can be listed as[14]:

e A good decision rule



e Adaptability to changing background

e Low computational complexity (for real time applications)

VAD algorithms can be divided in two broad categories: Time Domain VAD Algo-

rithms and Frequency Domain VAD Algorithms.

1.4.1 Time Domain VAD Algorithms

In time domain VAD algorithms, decision variables of the detector are calculated
in the time domain. Energy level and zero crossing rate are the most commonly
used features while deciding the presence or absence of speech. These algorithms are
relatively faster than frequency domain VAD algorithms. Some of these algorithms
can be listed as: linear energy based, adaptive linear energy based and weak fricatives

(zero crossing)

Linear Energy Based Detector

In a linear energy based detector, the energy of the frame is used as the decision
variable when making the decision regarding the presence or absence of the speech
signal. The energy level of the frame is compared to a threshold to decide whether it
is an Active or an Inactive frame. If the background noise is not stationary, then the
use of an adaptive threshold is necessary. The rule for updating the threshold can be

found in [14] as,

tr(new) = (1 - p)tr(old) +pEsilence (0 <p< 1) (11)



[l

Condition p” value

ORATIO Z 1.25 0.25

1.25 Z ORATIO Z 1.10 0.20

1.10 Z ORATIO Z 1.00 0.15

1.00 Z ORATIO 0.10

(1))

Table 1.1 : Adaptive linear energy based detector threshold update parameter “p
values

where 7(ye. is the new threshold value, tr(,q) is the previous threshold value and
Eitence 18 the energy of the most recent energy frame and p is the threshold update

parameter. p is assumed to be a constant and preset while designing the system.

Adaptive Linear Energy Based Detector

This scheme works in a similar manner as a linear energy based detector except that
the value of p is determined differently. In order to decide the new p value, most
recent m silent frame energy values are buffered in an array. At every time step, the
variance of the array is calculated and divided by the array variance of the previous

time step.

oF
ORATIO = Unj: (1.2)
o]

By using the ratio which is given in Equation (1.2), the p value is chosen from Table

1.1.
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Weak Fricatives (Zero Crossing) Detector

The energy levels of some sounds are very low and energy based detectors may not
detect them. This algorithm combats this problem by using the zero crossing rate
of the input signal. As a statistic, while the zero crossing rate of a 10ms frame lies
between 5 and 10 for speech signals, this number increases to hundreds for noise only
frames. Therefore, the detector makes its decision by comparing the zero crossing
rate with a threshold. If it is above the threshold, the frame is decided as Inactive

otherwise it is decided as an Active frame.

1.4.2 Frequency Domain VAD Algorithms

The second group of VAD algorithms are frequency domain VAD algorithms. In fre-
quency domain VAD algorithms, decision variables of the detector are calculated in
the frequency domain. Energy level and signal statistics are some of the most com-
monly used features while deciding on the presence or absence of speech. Although
these algorithms are slower than time domain VAD algorithms, they give better de-
tection performance. Some of these algorithms can be listed as: linear sub-band

energy, spectral flatness and comprehensive VAD.

Linear Sub-Band Energy Detector

In the linear sub-band energy detector, the signal is divided into four frequency bands.

Each of these frequency bands’ energies are calculated in the frequency domain and
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compared to a threshold. Most of the energy in the voice signal tends to be at low
frequencies. Therefore, if the low frequency sub-band and two out of the three high

frequency sub-bands are active, the frame is decided to be Active.

Spectral Flatness

The algorithms discussed so far show good performance only in high SNR situations.
If the input signal SNR decreases, system performance degrades significantly. The
spectral flatness algorithm works well in low SNR also. In this detector, variance of
the frame is compared to a threshold. High variance implies that speech is present.
During the silent periods, the threshold value is updated in a similar manner as

previously given in Equation (1.1).

Comprehensive VAD

Comprehensive VAD is a combination of all the previous algorithms. A decision flow
chart of the algorithm is shown in Fig. 1.3.

First, the input signal is tested with an energy based detector. If this detector
decides Active, the frame is decided as an active frame. If the energy based detector
decides Inactive, a zero crossing detector is used to double check the result. If it is
decided as Inactive again, the frame is decided to be Inactive. However, if the zero
crossing detector decides Active, then the final decision is made after testing spectral

flatness.
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Figure 1.3 : Comprehensive Voice activity detector flowchart

1.4.3 Performance Evaluation for VAD

Performance evaluation of voice activity detection involves a very detailed procedure.
There are many performance evaluation parameters that have been defined for this
purpose. These parameters can be grouped as objective and subjective parameters.

There are five objective evaluation parameters. These include [19]:

Front End Clipping (FEC)

Mid Speech Clipping (MSC)

Over Hang (OVER)

Noise Detected as Speech (NDS)
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e Correct

As it can be seen in the Fig.1.4, when the speech signal starts, if the detector does
not decide that speech is present then front end clipping occurs. Another objective
evaluation parameter, mid speech clipping, can be defined as the misclassification of
the signal in the middle of the speech present frames. Over Hang is the result of
the detector continuing to decide speech is present after the speech signal has ended.
Noise Detected as Speech happens during the silent period, when noise is interpreted
as speech. The final objective evaluation parameter is correct, when the correct de-
cision is made by the VAD algorithm.

The first two parameters, front-end clipping and mid-speech clipping, can be con-
sidered as misses in the context of detection theory, third and the fourth ones, over
hang and noise detected as speech, are false alarms. The final parameter, correct, can

be considered to be detections and can be used in plotting receiver operating curves.

In some instances, the clipping of speech is not audible and does not have an effect
on the detected signal quality. Thus, subjective parameters are also very important
for performance evaluation in voice activity detection. However, these parameters
are not easy to utilize. For subjective performance evaluation, the detected signal is
listened to by a group of people and graded for certain parameters. These parameters

include:

o Quality
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FEC MSC OVER NDS

Figure 1.4 : Objective voice activity detection performance evaluation parameters.

e Comprehension difficulty
e Audibility of clipping

To summarize, voice activity detection is the process of discriminating between speech
and silent periods for a given input speech signal. As can be understood from the
definition, it is a detection problem. Many solutions to this problem have been
derived by using different features of the input signal, such as energy, zero crossing
and statistics. Linear energy based, zero crossing and comprehensive VAD are some

examples of these detectors.

1.5 Stochastic Resonance

Noise is always considered to be one of the major problems that causes performance

degradation in systems. Different techniques have been developed to remove noise
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and improve system performance. In signal processing and communications, filters
and signal processing algorithms are used to denoise the signal. However, studies
performed over the last few decades show that under certain conditions adding noise
may in fact improve system performance. This phenomenon is called Stochastic Res-
onance (SR). As defined earlier in Section 1.1, Stochastic Resonance is a nonlinear
phenomenon in which output performance of some nonlinear systems is improved by
adding certain amount of noise under certain conditions. After its first use by Benzi
et al in 1981, this counter-intuitive phenomenon has received lots of interest and has

been studied for many physical and biological nonlinear systems.

SNR =101log S/N dB
|

1 1 L 1 1
0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

Standard deviation ¢ of additive white Gaussian noise

_35 JI N L 1
0

Figure 1.5 : Typical SR characteristic [1].

From the perspective of engineering systems, stochastic resonance has very appeal-
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ing advantages. Typically to improve performance, a system would need to be either
changed or replaced. However, instituting a change or replacement is not always a
possibility. For example, in biological and some mechanical systems, the systems are
permanent or are very expensive to change. In such instances, stochastic resonance
can sometimes offer the ability to improve system performance by adding a random
or a deterministic signal to the input signal [20]. This phenomenon offers engineers
a lot of flexibility. Instead of redesigning the systems for variable environmental con-
ditions, stochastic resonance makes it possible to tune existing systems for varying
conditions.

A typical SR characteristic is shown in Fig. 1.5. As can be seen from the figure,
by increasing the variance of additive noise; the output performance of the system at
first increases to reach the highest performance value, with addition of the optimum
amount of noise. However, the output performance of the system degrades gradually
with further increase of the noise variance o.

In the past three decades, many theoretical studies have been carried out and
different models have been established for stochastic resonance. Some of the most
used theoretical models are: double-well SR, two state SR, single-well SR and non-
dynamical threshold[5]. In our study, we design our system by using the double-well

SR model which is discussed in some details next.
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1.5.1 Double-well SR

Double well is the most studied SR model in the literature. The most appealing
aspect of this model is that it has fewer parameters to estimate when compared to

other SR models. It is represented in terms of the following equation:

, 0
T = —%U(x, t)+ s(t) + n(t)

= ax — bx® + s(t) + n(t) (1.3)
where U (x, t) is the unforced quartic potential defined as U (z,t) = —(a/2)x?+(b/4)x*
with @ > 0 and b > 0, s is the input signal and n is white Gaussian noise with
zero mean and variance o2. It has two fixed stable points at j:\/a_/b and one fixed
metastable point at x = 0. The first two points are minima and x = 0 is the local
maximum of the potential. Sometimes signal and noise are also added to the potential
function to obtain a forced form of quartic potential: U(z,t) = —(a/2)z*+ (b/4)z* +
x(t)[s(t) + n(t)].

This model is generally explained by the analogy of the movement of a particle,
under the influence of a periodic signal and random noise, between two minima of
a bistable potential. In the literature, it is common to assume that this potential
is purely symmetric [5]. Assume that there is a particle in one of the minimum
of the bistable potential which is given in Fig.1.6 and assume that this potential is
modulated with a weak periodic signal esinwt in an antisymmetric way. Without
noise, even if the periodic signal makes the particle’s minima shallow, the particle

would be stuck in its place forever. The addition of some noise would help the
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Figure 1.6 : Forced Quartic potential: U(z,t) = —(a/2)x® + (b/4)x* + sin2nt (a)
Potential U(x,t) when forcing signal at ¢ = 0, (b) Potential U(x,t) when forcing
signal at t = 1/4, (c¢) U(x,t) when forcing signal at 3/4.

particle to jump from one minima to another when its minima becomes shallow. At
the optimum noise level, the particle would synchronize with the weak periodic signal
and jump between the minima twice per modulation period. The result of this is
that a spike will be observed at the frequency of weak periodic signal in the frequency
spectrum. However, under the influence of very strong noise, this particle would move
from one minima to another regardless of the weak periodic signal and the spike in
the frequency spectrum would gradually disappear. Although, in reality there is no
particle which would jump between minima, this analogy helps us to understand how

double-well SR improves the detection of the weak periodic signal.
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1.6 Stochastic Resonance Effect in Signal Detection

As is true in many nonlinear systems, stochastic resonance plays a very important
role in improving the performance of signal detection applications. Many researchers
have investigated methods to maximize output SNR of the system with SR to improve
system performance. Although, SNR is an important performance parameter for
systems, and an accepted classic SR characteristic is the improvement in output SNR
with the addition of noise; it is not possible to optimize SNR without complete prior
information of the signal. Additionally, in non-Gaussian noise cases, SNR is not
always directly related to detection probability.

Many special cases of signal detection with SR have been reported, such as weak
periodic signal detection[8], dec signal detection in Gaussian Mixture noise[4]. Instead
of focusing on a more specific case, Chen et al. explain Stochastic resonance effect
with a more general, two hypothesis detection problem[2]. This can be summarized
as follows.

Consider a two hypothesis detection problem. The input signal is N dimensional
and represented by zeRY. Decision is to be made between hypothesis 1 (H;) and

hypothesis 0 (Hy) which are given as:
Hy: pe(x, Ho) = po()
Hy: po(x, Hy) = pr(7) (1.4)

where po(x) and p;(z) are pdfs under Hy and H; respectively. The test to decide

between Hy and H; can be characterized by a critical function ¢(x) where 0 < ¢(x) <
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1. Generally, this function is represented with a test statistic 7'(x) which is a function

of the input signal and the decision is made by comparing it with a threshold 7.

T(x) 25 1 (1.5)

or(z) =4 a: T(x)=n (1.6)

where 0 < o < 1.

Therefore, the probability of detection, Pp is given as:

Pp= [ ¢(@)po(z)de (1.7)
RN

and the probability of false alarm Pg4 is given as:

Pry = o o(x)p1(x)dx (1.8)

It is well known that in statistical detection, the Neyman-Pearson test is the most
powerful test in the sense of maximizing Pp for given fixed Pry value. In order to
find the test statistic, it is necessary to have complete knowledge of pdfs under Hy
and H;. However, in practical applications, this information is not always available.
Additionally, sometimes the form of test statistic is too complicated and/or input
statistic may vary with time. Considering these circumstances, there are two widely

used approaches utilized to improve a suboptimal detector’s detection performance.
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One can either change the system parameters or find the optimum noise and add it
to the input signal.

While it is known that, detection performance can be improved by adding noise if it
is statistically dependent on the existing noise and/or the pdf of the true hypothesis[4];
it is not always possible to find dependent noise because prior information about the
signal is not available. To combat this problem Kay [4] showed that under certain
conditions, it is possible to improve detection performance by also adding indepen-
dent noise. Another important point that should be emphasized is that optimum SR
noise does not just mean the amount of the noise, it is also required to determine
appropriate noise pdf.

Chen et al[2],[3] explained the stochastic resonance effect in signal detection in a

Nonlinear Detector Decision

Systems Bo(X’)

Super Detector @y(x’)

Figure 1.7 : Illustration of super detector.

more general way. They showed that the optimal SR noise is “a proper randomization
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of no more than two discrete signals”[2] and they proposed a theoretical approach to
obtain optimum SR noise pdf for a given py and p; distributions.

They also generalized their results to different SR detectors described in the lit-
erature, e.g., bistable systems and defined a ”super detector” which is demonstrated
in Fig. 1.7. In the figure, x represents input signal array, nonlinear system block can
represent bistable systems and z’ is the output of the nonlinear system. Using this
framework, the SR detectors proposed in the literature are also incorporated in their

theories.

1.7 The Layout of the Thesis

Organization of the thesis is summarized as follows. In Chapter 1, we presented the
motivation behind the thesis as well as the problem definition. This chapter also
contained the literature review which explored existing research and studies in voice
activity detection, stochastic resonance and stochastic resonance effect in signal de-
tection. Chapter 2 explains both the voice activity detector which is used in the
experiments as well as the SR method, which is used to improve detection perfor-
mance. Simulation details and significant results are presented in Chapter 3. Finally,
Chapter 4, briefly discusses highlights of the thesis and the thesis is concluded with

suggestions for future work.
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Voice Activity Detection Using Stochastic

Resonance

This chapter presents voice activity detection using stochastic resonance. Our goal

is to improve voice activity detection performance, without changing the existing

detector. The system block diagram is presented in Fig. 2.1 and details of each

system block are provided in the following sub-sections.

Our system consists of two main blocks: Voice Activity Detector (VAD) and

Stochastic Resonance filter (SR filter).

X(t) Stochastic
Resonance Filter

Figure 2.1 : System block diagram

Voice Activity
Detector

Decision
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2.1 Voice Activity Detection Block

In the voice activity detection block, we use Sohn and Sung’s statistical based voice
activity detector as our reference detector [12]. This detector is assumed to perform
frame based detection and during each frame, the signal is assumed to be stationary.
Also, it is assumed that the first 110ms of the input signal is noise. The voice activity
detection block can be split into two parts, detector and noise statistics estimator, as

shown in the Fig.2.2.

Decision

DETECTOR —

k.

NOISE STATISTICS
ESTIMATOR

Figure 2.2 : Reference voice activity detector block diagram

2.1.1 Detector

In the reference detector, as a statistical model, speech and noise signals are assumed

to be Gaussian random processes that are independent of each other, and discrete
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fourier transform (DFT) coefficients of these processes are assumed asymptotically
independent Gaussian variables. In this statistical model, noise and speech variances
are given by [12]:

A (k) = Sy (21Tk /M)
As(k) = Ss(211k /M) (2.1)

where Sy (w) and Sg(w) are true power spectra of noise and speech signals, respec-

tively, and the variance of incoming signal Y}, is given by:
oy (k) = As(k) + An (k) (2.2)

Two hypotheses of the voice activity detection problem can be defined as;

Hy: speech absent : Y =N

Hy : speech present : Y =S+ N (2.3)

To be able to solve this problem with statistical methods, probability density
functions p(X|Hy) and p(X|H;) of hypothesis 0 and hypothesis 1 respectively should
be obtained. For M dimensional DF'T coefficient vector, the joint probability density

functions conditioned by Hy, H; are given by [12]:

p(X|Hy) = H e {—%} (2.0
B M-1 1 |Xk|2
Xt = 11 oo {‘Asw) ¥ Am} (25)

k=0
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This detector is designed using one of the most widely employed methods for com-
posite hypothesis testing [12], generalized likelihood ratio test.

As previously mentioned, we assume that the in first 110 ms of the signal voice is
absent and contains only noise. By using this information, the initial noise statistics
are obtained via a noise statistics estimator. This will be explained in detail in the

following sub-section.

Although the probability density functions under both hypotheses and the noise
variance are assumed to be known, in order to design this detector, speech variance
should be estimated. In a generalized likelihood ratio test, 5\5(14:) can be replaced
by its maximum likelihood estimate {\g(k): k =0, ...., M — 1}, where Ag(k) is the

maximum likelihood estimate of the speech variance which is obtained by:
As(k) = [Xi[* = An (k) (2.6)

Substituting (2.6) in (2.5), the decision rule can be obtained as follows:

A L (X|9 Hy)
M (X|Ho)
13 | X |? | X |? H
— —1 — 14> 2.7
T M 4 {ws) AP TR I 20
It can be seen from (2.7) that ]\14 2/[ 01 {log J\i’“(f)} term is dominant only when K’“(llj)

is much smaller than one, which is not true in either Hy or H; cases.
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Therefore, the test statistic can be simplified to:

1 M—-1 |Xk|2 .
A= > 1 2.8
Mlcz:(]{)‘N(k)}<Hon+ (2:8)

So, the decision statistic of the voice activity detector becomes an average of the

subband SNR values.

2.1.2 Noise Statistics Estimator

As stated before, the initial noise statistics are assumed to be known and stationary.
But in the real world, this statistic is not stationary. Even if the noise statistics of the
environment changes very slowly, this will cause a gradual performance degradation of
the system. In order to overcome this problem, noise statistics estimation and update
processes should be performed periodically. This can be achieved by updating the
noise statistics during noise only frames. Hence, to be able to detect noise only
frames, a more conservative second detector should be used. However, in highly non-
stationary noisy environments or very high speech rate situations, noise statistics will
be outdated rapidly. Contrary to this approach, in our reference detector, the soft
decision information of the decision rule is used to track and update noise statistics
in both speech absent and present frames.

The optimum estimation of variance of noise Fourier coefficient ~ (k) in terms of

minimum mean square error is given by [12]:

An(k) = EQw(k)| X))

= E(An(k)|[Ho)P(Ho| X)) + E(An (k)| H1)P(Hi|Xy) (2.9)
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By using Bayes rule, P(Hy|X}) and P(H;|X}) can be derived as:

1 eA(k)

P(Ho|X}) = 1T 2A(h) and  P(H|X}) = T 2A(R)

(2.10)

where € = I;Eg;; and A(k) = % where the generalized likelihood ratio that is

derived in (2.8) can be used.

Now (2.10) can be substituted in (2.9);

1 eA(k)

E(\n (k)| X;) = mE(AN(lﬂNHo) T eAR)

EOw (k)| Hy) (2.11)

In (2.11), the current frame measurement | X}'| can be used instead of E(Ay(k)|Ho)
while speech is absent. However, if speech is present | X}'| should not be used while
updating the noise statistic estimate A(k) in the n'® frame. Instead, A" (k) can be
used for E(Ay(k)|H;) while speech signal is present.

After rearranging (2.11), noise statistics can be estimated as:

cAm?
14+ eAn

1
N (k) = T X2 +

APk (2.12)
In (2.12), £ can be explained as a parameter which determines the convergence
speed of the adaptation system [12]. In our experiments, we fixed this value as 1.
Noise update operation is performed in each frame after detection. With this algo-
rithm, noise variance could be updated during both speech absent and present frames.

This algorithm is also used to obtain initial noise statistics estimation at the system

start up.
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2.2 Stochastic Resonance Filter Block

In the stochastic resonance filter block, a non-linear transformation is applied to the
incoming signal sequence to improve the detection performance. Our system uses,
one of the most commonly used SR models in the literature, namely the Double Well
SR. Also, another important feature of this model is that the performance of the
system can be improved by finding Double-well coefficients a and b for a certain noise

instead of dealing with relatively difficult problem, finding optimum additive noise.

This model is defined as [1],[21],[6]:
z(t) = =V'(z) + s(t) + £(t) (2.13)

where s(t) is incoming signal, {(t) is additional noise and V'(z) is symmetric bistable

potential which is V(z) = —%a? + 2*. If we write (2.13) in an expanded form:
2(t) = ax(t) — ba®(t) + s(t) + £(1) (2.14)

In order to implement this model, coefficients a, b and additive noise £(¢) in
Equation (2.14) should be determined. This problem can be solved by either fixing a
and b coefficients to be constant and finding optimum noise and its distribution, or by
using a constant noise level and searching for optimum values of a and b coefficients.
Due to the fact that our signal is very complex and finding suitable noise distribution
is difficult; we chose to find optimum values of a and b coefficients for a fixed noise.
Considering that our signal has already had its own noise component, we didn’t use

additional noise.
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In a discrete computer environment, Double-well SR can be implemented with the
stochastic version of Euler’s method (Euler Maruyama scheme) which is defined in
22] as :

Tyt = T + AT (azp, — b2?, + 81n) (2.15)

where AT is the time step which is defined as the difference between two consecutive

1

——— but if the difference between
sampling frequency ’

samples. In our system, it is defined as
two consecutive samples is changed for some reason (e.g: sub-sampling) then this ratio
changes. Furthermore, the initial condition of the transformation xy is chosen as 1
for convenience while finding the coefficients a and b. In each frame, this procedure is
applied to each sample in the frame in an iterative way, and the frames are transformed
separately.

It is known that, while having limited information about the input signal, such
as just first and second moments under each hypothesis, the linear receiver can be
found by maximizing the deflection coefficient|[23]. In our system, we chose the SR
filter coefficients “a” and “b” which resulted in maximum deflection coefficient after

the transformation of the training data. In order to calculate deflection coefficient

Dy and D; arrays are generated for every a and b coefficient set by using Equation
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(2.16).

Do{pla,b} = Zko [%k 2;_51‘6%5]

Di{gla,b} = S So[5F + 5L, 0] (2.16)

where L is defined as { fh fl)} — 1, and Dy{p|a,b} and D,{q|a,b} are power
sums of the requested frequency band of transformed frame with coefficients a and
b for Hy and H; respectively, fj, is highest frequency of the frequency band, f; is
the lowest frequency of the frequency band and f; is the sampling frequency. After
generating these arrays, their mean values and variances are calculated. Finally

deflection coefficient is calculated by using Equation (2.17).

(E[Dia, b] — E[Dola, b])*
var|Dyla, b] + var[Di|a, b]

D(a,b) = (2.17)

where D is deflection coefficient of the signal for given a and b coefficients.
Flowchart of the algorithm used to find SR filter coefficients is given in Fig. 2.3.
This procedure can easily be summarized as follows. The input training signal with a
given SNR value and frame state information is transformed by the SR filter and each
frame’s power spectral density (PSD) is calculated. Then, for both Hy and H;y, each
frame’s desired frequency band power is added and the respective Dy and D; arrays
are generated. In our applications, considering the speech signal frequency band, we

choose this interval as 300 Hz to 3KHz. Next, the mean and variances of Dy and Dy
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arrays array are calculated.

It is obvious that if the difference between the means of the two hypotheses is
large and variances are small, then the detection performance improves. Taking this
into account we calculated the deflection coefficient D for different combinations of
a and b values around our initial points. Finally, we chose the a and b values which
maximized the deflection coefficient and used these values as SR Filter coefficients to
improve detection performance. The performance of the system is evaluated in the

next chapter.
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TRAINING DATA

Figure 2.3 :

Set Initial values of
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FRAME 1 i

% Get Frame i }:

v
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v
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power of intended
frequency band

raining Data
Tested
Completely?
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Calculate mean and variance of
Do and D, Arrays

v

Calculate Deflection Coef.

v

Save a, b and deflection coef.
values

All combination o
a and b coefficients
tested ?

k = k+1
Reset i

Find coefficient a and b which MAXIMIZES
deflection Coef.

Flowchart of the exhaustive algorithm used to find SR Filter coefficients.



34

Chapter 3

Simulation Results

Our simulations were performed on MATLAB v7.6 platform. The test data was ob-
tained from a noisy speech corpus, NOIZEUS which is available online at Speech
Processing Lab web page at University of Texas at Dallas [24]. Clean speech signals
and eight different real world noise corrupted forms of the same data at different
SNRs were taken from NOIZEUS. These real world noise signals were babble (crowd
of people), exhibition hall, restaurant, street, airport, train, car and train station.
Speech data contains 30 IEEE sentences which are phonetically-balanced sentences
with relatively low word-context predictability that are produced by 3 male and 3
female speakers. By using corrupted and clean forms of speech signals, new speech
signals at desired intermediate SNRs are generated for each of the eight different noise
type.

In order to evaluate system performance, we investigate the probability of false
alarm (Pp) and the probability of detection (Pp) of the system both with and with-
out stochastic resonance. Here Pp means the probability of detecting a speech signal
while speech is present and Pr means the probability of deciding speech is present
during a silent period. To be able to obtain Pp and Pr values, we manually labeled

speech signal at every 10ms time frame and recorded our reference decisions.



35

For our simulations, we used J. Sohn and W. Sung ’s detector [12] as our reference
detector which was described in detail in Section 2. During the experiments, we tested
the performance of the Sohn and Sung detector using the original input signal. Then
without making any structural change in the detector, we evaluated its performance
using the new input signal which is preprocessed with a stochastic resonance filter.

In the stochastic resonance filter, we found the parameters a and b that optimize
the deflection coefficient in an iterative manner. For an iterative approach, the initial
values for parameters are very important. Therefore, to be able to find a better initial
value, we calculated and plotted the deflection coefficients for different values of a and
b. We repeated the same procedure many times for different SNR values, different
noise types and different input signals. With small differences, we obtained similar
results. One sample result is shown in Fig. 3.1. Also two dimensional illustration
of the same results for value of a is fixed to 1 and value of b is fixed to 1 can be
seen in Fig.3.2 and Fig.3.3 respectively. One of the most important observation that
we made in Fig.3.1 was that the peaks were lined up mostly along two parallel lines
which are (—8000, 1) to (1,8000) and (1,1) to (8000, 8000) and the global maximum
is either around (1,1) or around (1,8000) depending on the SNR values. In order
to avoid finding local optima, parameters a and b were searched around 1 and 8000,
as the initial points, using a greedy approach. Another important observation from
this figure is that, one of the initial points is actually our sampling frequency. We

repeated the same experiment for a data set whose sampling frequency is 16 K H z and



Deflection Coefficient

Figure 3.1 : Deflection coefficients for different values of a and b.

VAD SR (street QdB)

-8000

-8000

-4000

-6000

a

Coef./SNR | -5dB | -2dB | 0dB 2dB 5dB | 10dB
a 0.758 | -0.758 | -1.263 | -1.263 | -2.273 | -2.278
b 0.758 | -0.758 | -1.263 | -1.263 | -2.273 | -2.278

Table 3.1 : SR Filter coeflicients for street noise at different SNRs

peaks were observed around (1, 1) and (1, 16K) points.

36

Considering these two initial points, we obtained coefficient a and coefficient b
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Coef./NoiseType | Airport | Car | Exhibition Hall | Station | Street | Train

a 0.758 | -3.778 -4.798 -4.293 | -1.263 | -1.263

b 0.758 | -3.778 -4.798 -4.293 | -1.263 | -1.263

Table 3.2 : SR Filter coefficients for different noise types at 0dB SNR

in an iterative manner. At first, we fixed b at 1 and looked for a around values 1
and 8000. Then, by using the obtained value of a the value of b was searched. This
procedure was repeated until a and b values converge at a point. Most of the time
the system converged to the optimum value after 3 iterations. Some of the a and
b coefficients obtained for different values of SNR and different types of noise are

presented in Table 3 and Table 3 respectively.

In order to obtain the values of a and b, we used either complete data or some

portion of it as the training data set.

3.1 Training with complete data

Although training with complete data is not a realistic way to solve this problem, it
gave us some insight about the possible upper bound on the performance improve-
ment by using our method. In this case, we assume that we already know the frame
state information of the complete data set. After each transformation of the data with

distinct a and b pairs, we separate the Hy and H; frames to calculate the deflection
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Figure 3.2 : Change of deflection coefficient with different values of a.

coefficient.

As can be seen from the Fig. 3.4, after finding a and b coefficients a significant
performance improvement is observed. Although this transformation can not help
the detection performance for very low false alarm rates, it yields a significant im-
provement, up to 17.5%, between 0.15 to 0.5 false alarm rates. On the other hand, for
higher false alarm rates the improvement decreases, up to 4.85%, as expected. Also,
the potential for improvement depends on the incoming signal and detector design

assumptions. As mentioned earlier, to be able to get a performance improvement, the
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Figure 3.3 : Change of deflection coefficient with different values of b.

system should be suboptimal. Therefore, if the incoming signal distribution is close

to detector design assumption, the improvement will decrease.

3.2 Training with partial data

For this case we assume that, we only have limited information about the input signal.
In our experiment, we selected a percentage of input data as our training data. Then,
we generate the Hy and H; arrays in the same way as was explained in Section 3.1

and calculated the deflection coefficient. We repeated this procedure for different per-
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centage of training data sets. Even though we reduced the training data percentage
down to 20%, it can be seen from Fig. 3.5 that we found a and b values which gave
us similar performance improvement as was obtained while training with a complete
input data set. On the other hand, reducing the training data percentage caused a
lower probability of convergence of coefficients a and b. Specifically, when we used
less input data as training data, the coefficients couldn’t converge at a point. There-
fore, if the coefficients do not converge at a point after certain number of iterations,
we stopped the itteration and repeated it with a different training data set. The
most important inference we can make here is that, if our training data has enough
statistical information about the input signal, even 20% training data is enough to

obtain SR filter coefficients.
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Chapter 4

Conclusion

4.1 Summary and Conclusions

Assumptions have a very important role in evolution of modern science and technol-
ogy. Researchers make assumptions either to fulfill inadequate information about a
phenomenon or to express complicated problems in a simpler form. Optimum systems
are designed by using these assumptions under some constraints. It is important to
realize that these systems will be suboptimal, if the underlying assumptions are not
completely correct. This gives us the inference that it is possible to obtain better per-
formance with better assumptions. However, “Is it necessary to redesign the whole
system to improve its performance?” Recent studies [2],[3],[4] showed that, perfor-
mance of the suboptimal systems can be improved by using stochastic resonance. In
this thesis, we proposed a method to improve detection performance of a voice activ-
ity detector with stochastic resonance without making changes to the detector.
Experimental results showed that the proposed method improved detection per-
formance up to 17.5% for low false alarm rates and 4.85% for high false alarm rates.
In our experiments, in order to find the SR coefficients a and b, we used deflection

coefficient as a measure. In the first part of the experiments we used complete data
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as our training data. Although it is not a realistic approach, the results gave us
some insight about possible improvement rates of detection. Then, we used different
fractions of input signal as our training signal. During the experiments we picked
training frames randomly. Experimental results showed that, it is possible to find SR
coefficient even by using 20% of input signal as training signal.

Therefore, based on the simulation results, our method is an efficient method to im-
prove detection performance of suboptimal voice activity detector. Also, it is possible
to obtain SR coefficients by using just a small portion of the input signal as a training

signal if the training data properly represents the input signal.

4.2 Suggestions for Future Research

In this study, we investigated the stochastic resonance affect on a suboptimal voice
activity detector. In our simulations, we observed up to 17.5% detection improvement
by using a stochastic filter before the reference detector. In our experiments, because
the signal of interest was a speech signal, we used a 300Hz to 3000Hz frequency band
while finding optimum SR filter coefficients. Our method can be extended to different
frequency bands for other multi tone signal detection problems.

In our study, in order to find SR filter coefficients, we used deflection coefficient as
a measure. As the optimum SR filter coefficient set, we chose the coefficients which

gave the highest deflection coefficient. We determined these coefficients by using the



45

greedy search method. The greedy search approach restricted our method to offline
applications. In order to find optimum coefficients, a faster algorithm can be used,
such as a genetic algorithm. Then, the system can be used online also.

Finally, in our experiments we observed that it is possible to obtain SR coefficients
by using a small amount of input signal as our training data. It was also examined
that decreasing the training data percentage caused a decrease in the probability of
convergence for SR coefficients to one point. Therefore, further investigation of the

sufficiency conditions for training data is also necessary.
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