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Abstract

This thesis presents a novel speech enhancement algorithm to reduce the background
noise from the acquired speech signal. It introduces an innovative idea for the speech
beamformer using an input delay neural network based adaptive filter for noise

reduction.

Speech communication is considered as the most popular and natural way for humans
to communicate with computers. In the past few decades, there has been an increased
demand for speech-based applications; examples include personal dictation devices,
hands-free telephony, voice recognition for robotics, speech-controlled equipment,
automated phone systems, etc. However, these applications require a high signal-to-
noise ratio to function effectively. The background noise sources such as factory
machine noises, television, radio, computer or another competing speaker, often
degrade the performance of the acquired signals. The problem of removing these
unwanted signals from the acquired speech signal has been investigated by various

authors. However, there is still room for improvement to the existing methods.

A multi-microphone neural network based switched Griffiths-Jim beamformer
structure was implemented using the Labview software. The conventional noise
reduction section of the Griffiths and Jim beamformer structure was improved with a
non-linear neural network approach. A partially connected three-layer neural network
structure was implemented for rapid real-time processing. The error back-
propagation algorithm was used here to train the neural network structure. Although
it is a slow gradient learning algorithm, it can be easily replaced with other algorithms

such as the fast back-propagation algorithm.

The proposed algorithms show promising noise reduction improvement over the
previous adaptive algorithms like the normalised least mean squares adaptive filter.
However, the performance of the neural network depends on its chosen parameters
such as learning rate, amount of training given, and the size of the neural network
structure. Tests with a speech-controlled system demonstrate that the neural network

based beamformer significantly improves the recognition rate of the system.
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Introduction

1.1 Introduction

Speech or spoken language interface is one of the new evolutions in user interface
technology, which will eventually replace some of the functions in traditional
interfaces. Examples of other popular natural user interfaces include touchscreen,
gesture recognition (Kavanagh, 2012), brain-machine interface, and motion based
interface, to name a few. Among these methods, using speech is the most basic and
the easiest way to interact with computers, rather than using other means like a
keyboard or mouse. Besides, it is the preferred method for humans to communicate
between themselves and they would prefer to communicate in the same way with
computers. As a result, speech is currently becoming the most popular method for us
(humans) to interact with electronic devices (Kamm, Walker, & Rabiner, 1997,

Weiyuan, 2010).

Automatic speech recognition is the process of automatically converting the acoustic
speech signal received by the microphone into a sequence of words for the computer
or machine to use (Anusuya & Katti, 2009). Speech recognition technology has been
around for decades. Early published work on this area was carried out at the Bell
Laboratories in the 1950°s. They developed the “Audrey system”, but it was only
capable of recognising isolated digits spoken by a single user (Davis, Biddulph, &
Balashek, 1952). The improvements in the area of speech recognition can be likened
to a baby learning; as time went on it became better and better. Even up until the
1990s, it was almost a fantasy to think of interacting with machines using speech.
Advanced research done over the past 60-odd years on speech recognition technology,
and vast improvements in computer hardware, have made it feasible to make this

fantasy into a reality.

The early development stages of speech recognition technology were aimed mainly at
applications used by disabled people (Noyes, Haigh, & Starr, 1989). However, this
technology is now available for everyone to use in their day-to-day applications
(Srinwasan & Brown, 2002). Currently, using speech to control products is one of the
main trends in new technologies. Examples of these speech-based applications

include voice controlled home automation systems (Portet, Vacher, Golanski, Roux,



CHAPTER 1
Introduction

& Meillon, 2013), voice control in cars (Hansen, Kim, & Angkititrakul, 2008;
Thumchirdchupong & Tangsangiumvisai, 2013), hands-free voice control for
televisions (Papp, Saric, & Teslic, 2011), voice controls for Smartphone applications
(Dobler, 2000), voice recognition for robotics (Martinez, Ubeda, lanez, Azorin, &
Perez-Vidal, 2013), and voice control in motion based video games, to name a few.
In particular, the leading mobile phone company Apple, introduced a voice-control
application called Siri™ for their iPhone (Daw, 2011). Siri™ assists the user with
speech queries and looks up information like a virtual personal assistant. Sensory
went a step further, and designed their TrulyHandsfree™ Voice Control system to

handle commands in hostile ambient noise (Jr, 2011).

A new wearable computer with head-mounted display has recently been released by
Google, called Google Glass™ (Topolsky, 2013). This uses voice command to
control the system, and is the main feature among others. In addition to these, a
hands-free voice search option in Google Chrome™ web browser has been recently
introduced by Google (Berkens, 2013). This is a conversational search engine that
takes a speech signal and provides the searched results by speech (Ye-Yi, Dong, Yun-
Cheng, & Acero, 2008). Spoken language interface in these products has come a long
way since the original introduction of speech recognition technology. However, their

use in the real world’s noisy situations is still somewhat limited (Edwards, 2013).

Most speech-controlled systems are designed to be used indoors in a relatively quiet
environment with a close talking microphone. However, using a close talking
microphone will restrict the user’s movements and ties the user down to the device.
However, most users do not like the idea of being constrained to a device; they often
prefer to move freely. A hands-free solution can be achieved by using a microphone
array system in the front-end of the application. However, as the distance between the
microphone and the speech signal increases, the acquired signal becomes degraded by
background noise and reverberation signal. As a result, the recognition rate of the

speech recognition system is affected by the degraded speech signal.

The performance of speech recognition systems often depends on many conditions

such as environmental noise levels (Gong, 1995), size of the vocabulary, and
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variability in speech, such as speakers’ pronunciation or their speaking style, and pace
of speech (Benzeghiba et al., 2007), to name a few. These problems are caused by the
inconsistency between the background environments in the training period and the
testing period. It is somewhat possible to train the system for a person or a specific
noisy environment, to improve the accuracy. However, when the trained situation
changes from the test condition it will reduce the performance. As a result, recently
there has been a lot of interest in improving the performance of speech recognition
systems in these adverse environments. This problem has been identified as robust
speech recognition (Ramirez & Gorriz, 2011). The current solutions to this problem
vary from improving the speech recognition algorithms to handle a noisy speech
signal, to using a pre-processing system such as speech enhancement algorithms to

improve the speech signal (Urmila & Vilas, 2013).

Research on the speech enhancement area has been around for decades (Benesty,
Makino, & Chen, 2005). Depending on the application’s requirements, the main
objective of improving the acquired signal can vary, from improving the quality of
speech to improving the intelligibility of speech. It is quite difficult to choose one
algorithm that can improve the quality of speech and its intelligibility. There is often
a trade-off between these factors. Some speech enhancement algorithms can achieve
a substantial noise reduction but distort the speech in the process. These algorithms
are best suited for applications that can tolerate a little distortion. Also some
algorithms work especially well for stationary noise, others for non-stationary noise,
or competing talking. Therefore, it is not possible to propose a versatile solution that
can be used with different practical applications. A hybrid noise reduction system
needs to be designed depending on the requirements of the target applications and the

acoustic environment.
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1.2 Statement of the Problem

As discussed in the introduction, there have been outstanding recent developments in
the field of speech recognition technologies. Even though speech-based systems are
used in many everyday activities, they are hardly used in industrial applications. The
user could benefit a great deal by using speech to control systems in the industrial
environment, as it will make the user’s hands free to perform other important tasks. A
potential application of the speech-controlled system is vibration monitoring systems
that are used by industry to monitor the condition of rotating machinery. The current
trend in speech-based applications shows that they are capable of handling day-to-day
activities in relatively quiet environments. However, the uptake of this technology in
industrial environments is still quite rare, as speech recognition systems often struggle
to function effectively in noisy environments. Since the speech-based interfaces can
add great value to many applications, it is essential to develop a noise cancelling
algorithm that can improve the performance of the current speech recognition systems
and allow them to perform satisfactorily in a noisy industrial setting. The problem of
improving the quality of the acquired signal in a noisy environment has been
addressed by many researchers. Speech enhancement methods such as speech
beamformers are often used to improve the performance of the acquired speech signal
in an adverse acoustic environment. However, there is still more research that needs

to be done to improve their current performance in real-world environments.

This research will endeavour to develop and implement novel algorithms to improve
the performance of the current speech recognition systems in noisy industrial
environments, for control applications such as hands-free control of a real-life

industrial vibration monitoring system.
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1.3 Research Objectives

The following steps are taken to find a solution to the problem discussed in section
1.2.
e Conduct a thorough review of the relevant publications in the speech
enhancement area.
e Develop a new hybrid method using a certain speech enhancement algorithm
that will allow hands-free distant talking speech recognition.
e Implement the proposed algorithm in a software program and evaluate the
performance of this algorithm with other commonly used methods.
e Expand this system to operate with more microphones and examine its
performance.
e Implement a speech-controlled application. The target application used here is
a vibration monitoring system. However, it can be modified for any command
and control application.
e Test both systems together and observe the effect of the noise reduction

algorithm in the speech-controlled system.

1.4 Contribution of the Thesis to Knowledge

A major contribution of this research is the development and implementation of a
non-linear adaptive filter based on an input delay neural network (IDNN). This novel
neural network (NN) adaptive filter was investigated with the switched Griffiths-Jim
beamformer (SGJBF) structure. This switching adaptive filter approach has not been
investigated before using the NN adaptive filter. The current research on NN based
noise reduction concentrates mainly on the adaptive noise cancelling concept.
However, this adaptive noise canceller (ANC) can only be used in applications where
the noise-alone reference signal can be acquired, and this is a difficult task to achieve
in the real-world environment. The SGJBF structure was introduced as an
improvement to the conventional adaptive noise cancelling concept. This structure
uses two adaptive filters. The proposed non-linear adaptive filter is introduced as a
possible solution to the noise cancelling problem. Real-time implementation of this

algorithm has been carried out using Labview software.
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In addition to the above contribution, the NN noise canceller is extended to a four-
channel microphone beamformer system, whereas most of the work in this area only

concentrates on dual-microphone systems.

An improved version of the automatic variance estimator is introduced here as a voice
activity detector (VAD) to control the update of the adaptive filters. This algorithm
calculates the time varying variance of the input speech signal, using a recursive
sample-by-sample approach. An improvement to the existing method is made by
calculating a moving average of the variance output. This solves the problem of
having the start and end point of the speech cut off by a sudden change in the signal.

The improved version gives a much smoother variance output.

Another contribution made in this thesis is the idea of developing a computer-based
speech-controlled vibration monitoring system. Traditionally, these systems are
hand-held devices, which require the user’s hands to control the system. In situations
where the user’s hands are required to do other tasks like holding a ladder, this system
becomes difficult to use. The idea of using speech to control the system has not been
tried before in this area. The basic idea of using the speech-controlled system in a
noisy situation has been explored in this thesis with the use of the proposed speech

enhancement system.

1.5 Outline of the Thesis

The remaining chapters of this thesis are organised as follows:

Chapter 2 gives a brief introduction to the area of speech enhancement. It gives an
overview of the previous approaches done in this area and discusses the problems
with using these algorithms. In particular, the adaptive noise cancelling concept and
microphone array beamformer algorithms are explored. Different adaptive filter
algorithms are explained. Previous research on NN-based noise reduction is
discussed here. Finally, various speech detection algorithms that can be used with the

speech enhancement algorithm are discussed.
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Chapter 3 introduces the proposed NN based beamformer for speech enhancement.
In this chapter, three main sections of the SGIBF are explained in detail. The beam-
steering section makes use of the traditional normalised least mean square (NLMS)
algorithm. The ANC uses the proposed non-linear IDNN noise canceller. A VAD
based on recursive variance calculation is implemented, to control the update of
adaptive filters. Software implementation of the proposed algorithm in the Labview

software is also given, together with the methodology.

Chapter 4 evaluates the performance of the developed speech enhancement
algorithms. First, the VAD algorithm is tested with real-world recorded data. Then,
the NN system is tested using the partially connected and fully connected structures.
This adaptive filter algorithm is tested with a simulated transfer function and real-
world recording, and then the beamformer algorithm is tested with several scenarios
of the real-world environment. The proposed algorithm is also compared with other
common adaptive filter methods (NLMS, Least Mean Square (LMS), Affine
Projection Algorithm (APA), and the Volterra filter). The dual-microphone method is
extended to a four-microphone method, and comparison of its performance under

different background noise is also presented here.

Chapter 5 introduces a speech-controlled instrument and evaluates its performance
with the NN and NLMS based beamformer algorithm. A vibration monitoring system
is used here as a target application. This system is evaluated together with the
beamforming system in the real-world setting, under different types of noisy

background conditions.

Chapter 6 gives the conclusion to the current research and makes suggestions for

future research to improve this work.
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This chapter provides a brief overview in the area of speech enhancement, adaptive
beamforming for noise reduction, adaptive filters and their adaptive algorithms, neural

network (NN) based noise reduction, and voice activity detectors (VADs).

2.1 Survey of Speech Enhancement Area

Speech enhancements in a noisy environment have received a considerable amount of
attention in order to improve speech-based applications (Davis, 2002). Applications
that require speech enhancement vary from hands-free telephony (Ryan & Goubran,
2003), speech-controlled equipment, automated phone systems, applications for
hearing impaired individuals (Fink, Furst, & Muchnik, 2008; Qidwai & Shakir, 2012;
Vanden Berghe & Wouters, 1998; Widrow & Luo, 2003), personal dictation devices
(Wormek, Ingenerf, & Orthner, 1997), to name a few. Performance of these
applications strongly depends on acquiring a clean speech signal, and this becomes
complicated when there are background noise and reverberations that interfere with
the speech signal. This noise could consist of several components propagated from
different sources such as fan, motor, engine noise, air conditioner, audio equipment,
or a competing talker. These interferences reduce the accuracy and performance of

the speech-based applications.

A close talking microphone is usually used with the speech-controlled applications to
acquire good quality speech. Currently, there are various headsets that are available
in the market with an ambient noise cancelling facilities for applications such as
gaming. These devices use the active noise cancelling approach to reduce the noise.
However, it is well-known that in an adverse acoustic environment, using a close
talking microphone alone is not enough to obtain a clean speech signal. Also, using a
headset will restrict user movement. Therefore, a sophisticated speech enhancement
technique has to be used with the microphones to improve the quality of the acquired
speech signal. Nowadays, manufacturers are forced to take account of noisy
environments in their applications’ functionality. Otherwise, they face the problem of
their systems not being able to work properly in these situations or they restrict the

use of their system to relatively quiet environments.
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Various noise reduction methods have been developed in the past for enhancing the
noisy speech signals (Juang & Tsuhan, 1998). These methods can be classified by the
number of microphones used (single or multi-microphone methods), or processing of
data in time or frequency domain, or by the acoustic characteristics of the noise being
reduced. For example, different types of algorithms have to be used to reduce
stationary noise, non-stationary noise or another competing speaker (cocktail party
problem), so there is no single algorithm that can solve all the problems. Therefore,
choosing a suitable speech enhancement algorithm depends on the environment where

1t will be used.

Noise reduction is similar to filtering, in the sense that both aim to recover the original
signal from the noise. Classical filters can be used in situations where the frequency
of the noise is separable from the frequency of the speech signal. For example, it
might be possible to use classical filters like low-pass filters, high-pass filters, or
band-pass filters to reduce the noise. However, they cannot be used in situations
where the frequency of speech and noise are overlapping, and also these filters are
rarely optimum in producing the best estimate of the signal. In early days, several
optimum filtering techniques, such as Wiener filters and Kalman filters, were used to
reduce the noise, and they are based on fixed filter weights. These methods often

distort the speech signal to some degree, and inevitably allow a bit of noise signal.

Norbert Wiener was one of first researchers to work on filtering in the 1940s (Wiener,
1949). He introduced the Wiener filter algorithm to minimise the mean square error
between the estimated signal and the desired signal. This algorithm requires prior
statistical information about the signal. A Wiener filter cannot be used in cases where
the statistical information cannot be obtained. Apart from this, this filter is also
limited to stationary noise. It has also been found that the more the noise is being
reduced, the more the speech signal is being distorted (Jingdong, Benesty, Yiteng, &
Doclo, 2006). However, a modified version of this filter is still being used these days

in several applications (Han et al., 2012; Qi, 2008).

Another popular method used for speech enhancement is signal subtraction. Early

work on this area can be found in Boll (1979). It is a well-known algorithm still used
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nowadays, due to its efficiency and simplicity. The basic idea is to estimate the
power spectrum of the noise signal and subtract it from the spectrum of the noisy
speech signal. This algorithm requires a high quality estimation of the noise spectrum
to function effectively. This method requires the input signal to noise ratio (SNR) to
be positive, when measured in decibels for most of the frequency range (Hu &
Loizou, 2007). However, signal subtraction methods are still being successfully used

to reduce stationary noises (Fukane & Sahare, 2011).

On the other hand, microphone array systems are used to reduce non-stationary and
very strong interference signals. The main advantage of using more than one
microphone is the availability of spatial information about the source (i.e. the ability
to find the location of the source). Multi-microphone methods include source
separation, coherence based algorithms and beamforming. Blind source separation
methods are being used for separating two speech signals. Beamforming methods
usually depend on statistical model based algorithms and they work on the basis of
reducing the mean-square error between the input and output. Coherence based
methods do not depend on noise statistics; they are often used in hearing aids and

cochlear implant devices.

Performance of most of these speech enhancement methods relies heavily on the
output of a speech detection algorithm. Choosing an appropriate VAD algorithm for a
particular application depends on the noise characteristics and whether it is possible to
distinguish between the wanted speech and unwanted noise signal. It is a difficult
task as the noise characteristics may vary from application to application. They could
be any noise like stationary or non-stationary noise, white noise, pink noise, coloured
noise or a competing talker like in a cocktail party situation. Different environments
make it impossible to choose one algorithm that can apply to all applications. There
are other speech enhancement methods that exist, like the subspace algorithms that do

not require a VAD algorithm.

The rest of the chapter will summarise the possible speech beamformers used for

noise reduction that are beneficial to speech enhancement.
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2.1.1 Beamforming Techniques

Microphone array systems use beamforming techniques to reduce the level of
background noise signals while minimising distortion to the desired speech. A
beamformer does spatial filtering by separating the desired signal and the interference
signals that originate from different directions but have the same temporal frequency
band (Van Veen & Buckley, 1988). The basic idea of beamforming came from
different backgrounds such as sonar and radar. However, acoustic beamforming
requires considerably different solutions. An array of microphones is distributed in a
certain area, to capture the desired signal. The outputs of these microphones are

processed to suppress the unwanted signals coming from the undesired directions.

Depending on how the filter weights are chosen, beamformer algorithms can be
classified as either fixed beamforming or adaptive beamforming. A fixed beamformer
is designed to focus on a targeted direction, independent of the interfering signals.
These types of systems are very robust and require minimal processing power.
However, they need many microphones to achieve high directivity and good noise
reduction. Conversely, an adaptive beamformer is designed to discard the interfering
signals by introducing nulls in the direction of their arrival. These types of systems
are able to attain a high noise reduction with a small number of microphones but at a

cost of higher processing power.

The simplest method of all microphone array beamforming is the delay-and-sum
beamformer (Flanagan, Johnston, Zahn, & Elko, 1985). Figure 2.1 illustrates a
conceptual diagram of the delay-and-sum beamformer for N number of microphones.
Each microphone’s signal is delayed by an amount of time proportional to the
distance between a known target and that microphone, which is done to align the
microphone signals. Then all of these delayed signals are added together to obtain a
single large signal array output. The idea behind the summing process is that the
desired speech signals will have the same phase so they will add together; while the
interfering signals, with a different phase, will not add together. This is assuming that
noise signals will not be coming from the same position as the desired signal; thus the

noise signals are not coherent.
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Microphone I Q———— Delay 1 Output
x Signal
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| : /
Microphone N ———{ Delay N

Figure 2.1. Delay-and-Sum Beamformer

The total speech power in the output signal will be multiplied by the number of
microphones in the array, while the total noise power in the output signal will remain
about the same as the noise power of one microphone. As a result, the SNR will be
increased. A major disadvantage of using this beamformer structure is that it requires
many microphones to obtain a considerable amount of improvement in the SNR.
Also, it only enhances the signal in the direction to which the array is currently

steered, and it does not reduce the interference itself.

An alternate method to achieve improved performance is to multiply the received
signals with different gain factors (or weights) before summing the signal. An
example of this kind of method is the Frost beamformer (Frost, 1972). Figure 2.2
illustrates a conceptual diagram of this beamformer for N number of microphones.
The Frost beamformer uses an adaptive filter algorithm to adjust the weight vectors
(W) to minimise the noise while maintaining a chosen frequency response in the
direction of the desired speech signal. This algorithm is also known as linearly

constrained minimum variance algorithm.

X
' Output
Microphone IO——  Delay W, w_*
k \ 4
Microphone 20—— Delay W2 [—
\
| |
. - A |
Microphone NO—— Delay Wi
\
Figure 2.2. Frost Beamformer
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A study done by Raykar, shows that using a beamformer improves the SNR of the
output signal when compared to just using the directive microphone (Raykar, 2001).
It also confirms that the Frost beamformer performs better than the simple delay-and-
sum beamformer. This beamformer algorithm is found to be effective in the presence
of strong interferers, as long as the interferers are uncorrelated with the desired

source.

The concept of the Adaptive Noise Canceller (ANC) was first proposed by Bernard
Widrow in 1975 (Widrow et al., 1975). The fundamental technique behind this
algorithm seeks to improve the distorted speech by using an adaptive filter to suppress
the noise components while leaving the desired speech signal unchanged. In order for
this idea to work, at least two-microphone signals are required. A conceptual diagram

of this adaptive noise cancellation technique is shown in Figure 2.3.
Pr?mary Speech & Noise Signal
Speech  Signal

Source > O —)}— Improved

Filter Speech Signal
Noise Noise Signal \ Output |
Source O— Adaptive filter

Reference
Signal \

Figure 2.3. Adaptive Noise Canceller Structure

In this figure, the first microphone is positioned near the noise source and the second
microphone is positioned to acquire the desired speech signal as well as the noise
signals. In an ideal situation, subtracting the second microphone signal from the first
microphone signal will minimise the noise components while leaving the desired
speech unchanged. In addition, an adaptive filter algorithm is used to align the signals
in order to achieve optimum noise reduction, by minimising the error between a
desired signal and the received array output. This is a noise reduction technique
which attempts to use multiple signal sources to remove the noise components from

the acquired signal.

In order for the noise to cancel out in the subtraction process, this technique requires

that the noise entering the two microphones must be coherent. In order for the noise
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signal in both channels to be coherent, the microphones have to be close together.
However, when the microphones are kept close together, it is impossible for the
second microphone not to acquire the speech signal. If both microphones acquires the
desired speech signal, in the subtraction process, this speech is cancelled with the
noise; this is the main drawback of this technique. For this technique to work, the two
microphones have to be kept far apart so only one of them can acquire the desired
speech signal. At the same time, they have to be close enough, so the noise signals in

both microphones are coherent.

An improved version of this structure was proposed by Griffiths and Jim in the 1980s
(Griffiths & Jim, 1982). Their technique is known as the Generalised Sidelobe
Canceller (GSC) or Griffiths-Jim beamformer algorithm. Figure 2.4 shows the basic
structure of the Griffiths-Jim beamformer using two microphone inputs. Before the
addition and subtraction process, a beam-steering algorithm can be used to virtually

steer the microphone to the speaker’s position (i.e. not physically steered).

Noise { ~ o Mic 1 Speech & Noise signal Speech

\\ % » — —_—
e
Speech \ L
N 1
\ oise signa N
Adaptive filter
\

Figure 2.4. Two-channel Griffiths-Jim Beamformer

The Griffiths-Jim beamformer operates as an ANC with a pre-processor that performs
the addition and subtraction of the microphone signals. This algorithm works well as
long as the target signal arriving at the two microphones is aligned. The speech
signals received at the microphones needs to be in phase and the noise signals to be
out of phase. When this occurs, the addition process will produce twice the speech
and noise signal, and in the subtraction process the speech will cancel out to produce
noise signal alone. The resultant signals from this addition and subtraction process

are used as the primary and reference signals for the ANC.
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One of the problems is that the noise signals in the two input channels are not
coherent enough for them to cancel out in the adaptive processes. The Griffiths-Jim
beamformer structure is designed to solve this problem. It is sensitive to target signal
leakage and cancellation, in the presence of steering vector errors and reverberations.
These steering vector errors are caused by errors in the microphones’ positions, the
microphones’ gains, reverberations, and target direction. These problems have been
noticed by some researchers and new improved beamformer algorithms have been
proposed in an attempt to solve them (Claesson, Nordholm, & Bengtsson, 1991; Cox,
Zeskind, & Owen, 1987; Er & Ng, 1994; Hoshuyama, Sugiyama, & Hirano, 1999;
Van Compernolle, 1992; Yongjian, Genmiao, & Shouhong, 2001).

An improved version of the Griffiths-Jim beamformer is proposed by Hoshuyama et
al. (1999). This robust adaptive beamformer uses an adaptive blocking matrix
consisting of coefficient constrained adaptive filters in the GSC structure, and a
multiple input canceller using norm-constrained adaptive filters. This method has
been shown to cancel interference by over 30 dB. However, its performance

deteriorates in the presence of coloured low-pass interference signals.

Van Compernolle proposed a technique called switching adaptive filter, which
attempts to eliminate some problems of the Griffiths-Jim beamformer (Van
Compernolle, 1990; Van Compernolle & Van Gerven, 1995). Van Compernolle
showed that signal cancellation can be reduced somewhat by adapting the ANC’s
filter parameters only during the noise alone regions (when no speech is present in the
received signals). This method is called the Switched Griffiths-Jim Beamformer
(SGJBF) method. A great deal of success has been obtained by this method compared
to others. Figure 2.5 illustrates a conceptual diagram of this technique for two
microphones. This design can be easily expanded to use more microphones as
required. This beamformer algorithm makes use of two adaptive filters. The first

filter works as a beam-steering filter, and the second one works as an ANC.
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Figure 2.5. Switched Griffiths-Jim Beamformer

For real-time implementation of this algorithm, there is a trade-off between the
number of channels and the number of filter taps per channel; due to limited
computational power. If the microphones happened to be in the wrong position with
respect to each other, then a non-causal solution can be caused as the result. To
prevent this problem from happening the delays are introduced in one of the input
channels to provide physical reliability. This beamformer algorithm has been proven
to improve the overall performance of the system by 5 dB for a competing speaker, by
8 dB for a wideband semi-stationary noise, and by 20 dB for narrowband interference
(Van Compernolle, Van Gerven, Broos, & Weynants, 1991). The next section will
briefly discuss some of the adaptive filter algorithms that can be used for this adaptive

beamformer.

2.2 Adaptive Filters

Adaptive filters are used when either the fixed specifications are unknown or the
specifications cannot be satisfied by time-invariant filters (Diniz, 2008; Haykin,
2002). An adaptive filter attempts to find an optimum set of filter parameters based
on the time-varying input signals, by continually changing their parameters in order to
meet a performance requirement. Adaptive filters can be classified as either
supervised or un-supervised methods (Haykin, 2000).  Supervised adaptive filters
generally require a noise signal as a reference signal, to approximate the error signal,
and unsupervised adaptive filters do not require any information about the source. As
a result, the unsupervised variety is often called “Blind Source Separation” and more

often than not is based on Independent Component Analysis (Makino, Lee, &

18



CHAPTER 2
Literature Review

Sawada, 2010). Whilst the supervised adaptive filters require information on the
additive noise and usually employ some form of voice activity detectors. The latter
approach is considered in this thesis, due to the fact that it is less computationally

intensive.

Adaptive filters have been investigated for several decades, and they have been used
in practical applications where the signal varies over time. Characteristics of the
adaptive filters make it attractive for signal processing and control applications.
Some applications that use adaptive filters include adaptive channel equalisation
(Hadei & Azmi, 2010; Malik & Sappal, 2011), interference canceller (Gan, Zahedi,
Alauddin, & Ali, 2011; Lee & Lee, 2005), adaptive directional antennas, echo
cancellation in voice and data communications, sinusoidal enhancement, spectrum
analysis, coding of speech adaptive beamforming (Collura, 1999; Li & Hoffman,
1999).

Adaptive filters are typically used in four basic configurations to solve problems in
these applications (Diniz, 2013; Jenkins, Hull, Strait, Schnaufer, & Li, 1996). They
are: system identification configuration, adaptive noise cancelling configuration,
adaptive linear prediction configuration, and inverse system configuration. Only
adaptive noise cancelling configuration is discussed here, since the others are not
relevant to this application. Figure 2.6 shows a basic structure of an adaptive noise
cancelling configuration. For noise reduction applications, the primary input consists
of “speech and noise”, and the reference input consists of “noise alone”. The noise
present in both of these inputs must be correlated and the noise present in the primary
input must be uncorrelated with the speech signal. This structure uses the reference
input to reduce the effect of noise in the primary input.

Primary Signal ~ Output Signal

d(n) O -/ e(n)

\ y(n)
Reference Signal

Weight Vector | |
s O w(n)
\ Adaptive

Algorithm

Figure 2.6. Adaptive Filter in Adaptive Noise Cancelling Configuration
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As shown in Figure 2.6, this structure has two inputs (primary signal d(n) and
reference signal x(n)) and an output signal ¢(n).

The output error signal e(n) is given by:
e(n)zd(n)—y(n) (2-1)
The output error signal measures the difference between the primary input signal and

the output of the adaptive algorithm. The filter output y(n) is given by:

y(n)zx (n)\Tv'(n) (2-2)

where, v—v(n) is the time varying vector of filter coefficients (tap weights), ;((n) is

the column vector of the input reference signal, and superscript “T” denotes a vector

transpose and — denotes a vector.

The input regressor vector is given as ;((n)Z[x(n)x(n-l)...x (n-NH)]T and the tap
weight vector is given as @(n)=[w(0)w(1)...w(N—l)]T. Initially, they are both

assigned to zero (v_v'(0)=;<(0)=[0...0]T). However, if rough values of the tap

weights are known, then these values can be used instead.

An adaptive algorithm is required in order to adjust the values of tap weights w (n) in
such a way that the filter output y(n) approximates the primary input. An adaptive

algorithm starts with some predefined set of initial conditions, and then updates the
tap weights to converge to an optimal result. This adaptive algorithm can be either

linear or non-linear filters. This is explained in details in the following sections.
2.2.1 Adaptive Algorithms
Many adaptive algorithms have been proposed in the past for adaptive filtering. They

vary a lot from time domain analysis to frequency domain analysis. Time domain

analysis is relatively simple to compute when compared with the frequency domain
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analysis. A few important algorithms on the time domain adaptive filtering area will

be discussed in this section.

Widrow and Hoff were among the first to investigate the adaptive filters in the late
1950s (Widrow, 2005). Their work resulted in the famous Least Mean Square (LMS)
algorithm (Haykin & Widrow, 2002). The LMS algorithm belongs to the family of
stochastic gradient algorithms. This algorithm automatically adapts the tap weights of
the transversal filter, and drives its tap weight parameters to values corresponding to
minimising the Mean Squared Error (MSE) between the filter output and primary
input signal. The complexity of this algorithm is very low and its results are

satisfying in many cases.

This algorithm is simple to implement, and it gives a robust performance against
different signal conditions, when compared with other adaptive filters. However, it
suffers from a slow convergence rate in highly correlated signal conditions, and
causes an unstable system when the convergence rate is too high. Many variations on
the LMS coefficient update equation have been proposed in the literature, to reduce or
eliminate the dependence of the convergence rate of the LMS algorithm (Feng, Shi, &
Huang, 1993; Orgren, Dasgupta, Rohrs, & Malik, 1991).

The most common solution to this problem is the Normalised LMS (NLMS)
algorithm (Yassa, 1987), which utilises a variable convergence factor that minimises
the instantaneous error. This NLMS algorithm usually converges much more quickly
than the conventional LMS algorithm, for both uncorrelated and correlated input
signal (Slock, 1993). Due to the simplicity of this algorithm, it has been one of the

most popular algorithms to be used for updating the adaptive filter.

Other adaptive algorithms like Recursive Least Square (RLS) algorithm and Affine
Projection Algorithm (APA) (Ozeki & Umeda, 1984) are available with much faster
convergence rates than the NLMS, but they are more computationally complex, and
require more processing time. These algorithms use the steepest-descent based

technique to recursively compute and update the values of the weight vectors.
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Table 2.1 shows the recursive equations used to update the tap weight vector W(n) of

these adaptive filters (Zaknich, 2005), computed at iteration (time-step)n+1.

Table 2.1. Comparison of Adaptive Algorithms

Adaptive Adaptive Algorithm Computational
Filter Complexity
LMS W(n+1):\7v(n)+(ue(n)i(n)) O(2N)

where p denotes step-size
NLMS ) ) m B O(3N)
w(n +1) = W(n) J{—y T (;)i(n)]e(n)x(n)
where v is a small positive constant used to prevent
division by zero situations
APA %(n)=[x(n)x(n-1)..x(n-N+1)]" O(MN)
Xp(m)=[x(n)x(n-1)..X(n-M+1)]
W(n+1) = w(n) +uXp(n) [XP ()" Xp(n)+ 8l T &(n)
where N is the number of tap weights, M is the
projection order, & denotes regularisation parameter
RLS W(n+1) = W(n)+k(n)e(n) O(N?)

P(n +1) =7»_1P(n)—7fllq<(n))_(’(n)T P(n)
K’IP(n);c(n)
1427 (n)" X(n)P(n) |

where X is forgetting factor, which is set to less than

Gain vector k(n) =

but close to 1. Initially P(0)=5""I, where & denotes

small positive value.

(In Table 2.1, w(n) denotes the weight vector, x(n) denotes the input regressor
vector, &(n) denotes the error signal (defined in equation (2-1)), T denotes transpose,

I denotes an identity matrix, — denotes a vector, and Bold denotes a matrix.)
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The APA’s computational complexity and convergence rate is considered to be in-
between the NLMS and the RLS algorithms. Due to the high computational
complexity of the RLS it is not widely used for real-time applications, though low-
order APA is more appropriate for real-time implementation. Comparisons of NLMS
and APA have been carried out by many researchers and APA is found to perform
better under certain conditions (Yoganathan & Moir, 2008). A faster version of the
APA has been also proposed to reduce the computational complexity of this method
(Gay & Tavathia, 1995). Several methods like the fast RLS and block RLS methods
(Montazeri & Duhamel, 1995) have also been proposed to improve the RLS.

In the least square algorithms, step-size (n) controls the amount of gradient
information used to update each coefficient. Thus, the value of p directly affects how
quickly the adaptive filter will converge toward the unknown system. This value of p
is chosen between 0 and 1. If p is small, the value of the filter coefficients changes
only by a small amount at each update, hence the filter converges slowly. With a
large p, more gradient information is included in each update, and the filter converges
more quickly. However when p is too large, the coefficients may change too quickly

and the filter will diverge, hence the system will become unstable.

Choosing the correct u value has been a problem in many of these adaptive filter
algorithms, since choosing a large p will result in faster convergence, but might cause
instability in some situations, or choosing a small p will result in slower convergence.
This problem has been identified by many researchers and different solutions have
been proposed in the past two decades. An attractive solution is to use a Variable
Step-Size based algorithm (Kwong & Johnston, 1992). Many methods have been
proposed to calculate an appropriate step-size (Aboulnasr & Mayyas, 1997; Evans,

Ping, & Liu, 1993).

Noise cancelling methods discussed above are mostly focusing on the assumption that
the corrupted noise is added to the speech signal. Generally, linear filters work best to
remove this type of noise signal. However, the problem only arises when the noise
signals are not added. So, by design, these filters are unable to completely

approximate the non-linear part of the given system. As a result, there has been a lot
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of interest in the non-linear signal processing area. Volterra series expansion was
used in earlier days for this problem (Mathews, 1991). However, a shortcoming of
this method is that the highest degree of expansion has to be defined before hand,
which is not always possible for real-time processing. In this thesis, using NN based
adaptive filters for noise reduction is explored. The next section will give a review of

the NN techniques used for noise reduction.
2.3 Neural Networks

The inspiration for neural network (NN) study came from the biological field, when
looking at how the brain works. Many researchers have tried to understand the power
of neurons and how they are used by humans for thinking. Researchers have been
trying to recreate the capability of the neural nets for many years and study in this
field is called Artificial Neural Network (ANN). Early work on artificial neurons can
be referred to McCulloch and Pitts research (McCulloch & Pitts, 1943). They
introduced the first computational model of the neuron as a threshold logic unit where
the output of the system is 0 or 1 and a threshold level is used to activate the output

(shown in Figure 2.7).

Input X1 Weight
wl

ﬁ eight
Input X2 w2

Figure 2.7. McCulloch-Pitts Model

Output

Initially, perceptron was studied and was discarded; this created a gap in the field and
not much research has been done on this area. After the introduction of single-layer
perceptron, there was a period of nearly two decades when not much improved in the
NN area. This continued until the introduction of the multi-layer perceptron (MLP)
idea, which sparked a strong interest in this area (Rumelhart & McClelland, 1986).

The first neuron structure, called an adaptive linear element (ADALINE) was known

to be built by Widrow and Hoff in 1960 (Liew Ban, Hussain, & Samad, 2000; Stella,
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Begusic, & Russo, 2006). This research is based on the McCulloch and Pitt’s neuron
model. It is a single neuron linear adaptive filtering structure based on the LMS

algorithm.

In recent times, ANN has been used for many different applications in a variety of
disciplines (Badri, 2010; Gaonkar & Savan, 2012; Hoyt & Wechsler, 1990).
Examples of applications in the signal processing area include: system identification,
pattern recognition, image processing, face recognition (Nagi, Ahmed, & Nagi, 2008;
Revathy & Guhan, 2012), speech recognition, pattern and statistical classifiers in
biomedical engineering (Murugesan & Sukanesh, 2009) and adaptive beamformer for
antenna array applications (Du, Lai, Cheng, & Swamy, 2002), to name a few.
Previous work in the noise reduction area using the NN is detailed below to give the

reader a basic understanding of this subject.

2.3.1 Speech Enhancement Using Neural Networks

Early work on NN based noise reduction method was proposed by Tamura and
Waibel (Tamura, 1989; Tamura & Waibel, 1988). They introduced a four-layered
feed-forward NN to map noisy speech to a noise-free speech signal. This was tested
on artificially generated noisy Japanese speech data using stationary and non-
stationary noise. This system was also compared with a conventional spectral
subtraction method, and was found to be comparable or better. Although the output
signal from the network was clear, they conclude that processing does not improve the
intelligibility of speech signals. The main shortcoming of this method is that it
requires a clean speech signal for training the network and this is not possible to
obtain in all cases. In addition to this, the NN structure used is not suitable for real-

time processing.

Later research done by Cox also showed the possibility of applying the back-
propagation network for filtering noise signals (Cox, 1988). His results prove that
this network can be trained to work as a digital filter. By doing so, he also supports
the research findings of Tamura and Waibel. It was also found that the network was

able to work in extremely low signal-to-noise ratios. In addition, the NN can be used
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for other applications, apart from pattern recognition. Following this studies there
were many other researchers who also worked on adaptive filtering using NN, but
they have applied it to other areas (Anderson & Montgomery, 1990; Rao & Pisharam,
1990; Weber, Crilly, & Blass, 1991).

Later research done by Kencht introduced the idea of using non-linear noise filtering
and the perceptron based beamformer (Knecht, 1994). In that paper, they consider a
fixed beamformer for noise reduction, where the weights are estimated in the training
period and are used for testing. This paper also studies the relationship between the
perceptron and the Volterra filter (Reed & Hawksford, 2000). Their research led to
work on a non-linear two-microphone based method for speech enhancement in a
hearing-aid applications (Knecht, Schenkel, & Moschytz, 1995). This paper uses the
Griffiths-Jim beamformer structure and compares the perceptron filter and the

Volterra filter for noise reduction.

There have been several publications on adaptive noise cancellation structures based
on NNs (Al-Anbaky, 2004; C. K. Chen & Tzi-Dar, 1996; Kaur & Kaur, 2011; Mistry
& Kulkarni, 2013; Stella et al., 2006; Tian & Wang, 2012). They seem to show
promising results using this structure. However, they do not cover the limitations
caused by this structure. This thesis improves the current research work by
combining this idea and the area of beamforming to produce a novel noise reduction

algorithm.

2.4 Voice Activity Detectors

Speech detection algorithms or voice activity detectors (VADs) are used to
differentiate the speech signal from the non-speech (noise alone) signal in the
acquired signal. The general function of the VAD algorithm is to extract some
measured quantities from the received signal and compare these values with a
threshold value, to make decision about the received signal. For example, if the
calculated value is greater than the threshold then the received signal is considered as
a speech and noise signal; otherwise, the received signal is considered as a noise alone

signal. The output of this calculation is either zero or one, where a one denotes
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“speech and noise” and a zero denotes “noise alone”. This output is generally used

with the speech enhancement algorithms to control the noise cancellation.

VAD algorithms are generally used as a pre-processing unit for the speech
applications to gain knowledge of the acquired signal. Research also shows that using
a VAD with a noise reduction technique significantly improves the performance of
the array processing algorithms (Krasny & Oraintara, 2002; Ramirez, Gorriz, &
Segura, 2007). VAD algorithms have also been used for other speech communication
applications such as speech recognition in noisy environments (Babu, Vanathi,
Ramachandran, Rajaa, & Vengatesh, 2010; Karray & Martin, 2003; Maganti,
Motlicek, & Gatica-Perez, 2007), variable rate speech coding (Gersho & Paksoy,
1992; Hoffman, Li, & Khataniar, 2001), hands-free telephony (Bouquin-Jeannes,
Faucon, & Ayad, 1996; Krasny & Oraintara, 2002) and echo cancellation.

VADs were first investigated to be used on Time Assigned Speech Interpolation
systems (TASI systems) in the early 1960s for electronic switching of voice circuits
(Bullington & Fraser, 1959). VAD achieves silence compression in universal mobile
telecommunication systems, and it reduces the average bit rate by using the
Discontinuous Transmission (DTX) mode (Freeman, Cosier, Southcott, & Boyd,
1989). The global system for mobile communication (GSM) telephony uses silence
detection and comfort noise injection for higher coding efficiency (Srinivasan &
Gersho, 1993). In a cellular radio system, it reduces co-channel interference and

power consumption in portable equipment (Ezzaidi, Bourmeyster, & Rouat, 1997).

For the past few decades, many researchers have studied different strategies for
detecting speech in the presence of background noise, and their influence on speech
related applications (Bouquin-Jeannes & Faucon, 1995; Potamitis & Fishler, 2003;
Sangwan et al., 2002; Sohn & Sung, 1998; Tanyer & Ozer, 1998; Van Gerven & Xie,
1997, Wei, Du, Yan, & Zeng, 2003; Woo, Yang, Park, & Lee, 2000). The
performance of these applications depends heavily on the performance of the VAD
algorithm. This is an important problem in the speech processing area, as it is very
hard to detect the presence of speech in different types of background noise.
Background noise can be anything from stationary to non-stationary noise sources,

such as a moving speaker. Therefore, it is very important to choose an appropriate
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VAD algorithm for the target noise source that is being differentiated in that particular
application. According to Savoji, the essential characteristics of an ideal VAD are
reliability, robustness, accuracy, adaptation, simplicity, real-time processing and no

prior knowledge of the noise (Savoji, 1989).

Voice activity detection algorithms mainly fall into two categories. The first category
uses the direction of the received signal as the main criterion to differentiate between
speech and background noise. The second category uses the statistics of the received
signal to distinguish between speech and background noise. Some existing methods
of VAD algorithms are Itakura LPC distance measure (Rabiner & Sambur, 1977),
energy distribution, timing, pitch (Arcienega & Drygajlo, 2002), zero crossing rates
(Junqua, Mak, & Reaves, 1994), cepstral features (Haigh & Mason, 1993), long-term
modulation based methods (Maganti et al., 2007), automatic variance control (Moir,
2001a), statistical model based methods (Jongseo, Nam Soo, & Wonyong, 1999; Kim
& Chang, 2012), adaptive noise modelling of voice signals, wavelet based methods
(Jeub, Kolossa, Astrudillo, & Orglmeister, 2009), and periodicity measure methods
(Tucker, 1992). These algorithms have some trade-offs like computational cost,

sensitivity, and accuracy.

The energy-based (Rabiner & Sambur, 1975) approach is one of the earlier VAD
algorithms where the energy of the received signal is calculated and compared with
the stored threshold value. This is the most commonly used algorithm to detect the
presence of a speech signal. This algorithm is simple to implement and does not
require a lot of assumptions about the characteristics of the noise. The only
assumption made here is that the speech is sufficiently louder than the noise. This
assumption is accurate at high SNR values. To improve the accuracy of the energy
based VAD, they can be used with the zero-crossing rate calculation to obtain more
accurate detection (Lau & Chan, 1985). The zero-crossing rate is generally
considered as a simple measure of the frequency content of speech. The average zero
crossing rate is a good frequency estimate on narrowband signals. However, speech
signals are broadband signals so it is less accurate. But when zero-crossing rate is

combined with the energy measure for detection, it has proved to give marginally
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better results than using only energy (Ganapathiraju, Webster, Trimble, Bush, &
Kornman, 1996).

Another well-known VAD is the entropy-based method. The main feature of entropy-
based detection is that it is less sensitive to the changes in the amplitude of the speech
signal. The only assumption made in this algorithm is that the signal spectrum is
more organised during speech segments than during noise segments (Shen, Hung, &
Lee, 1998), therefore it is sensitive to the spectral nature of the noise. Shannon’s
entropy is used to measure the organisation of the signal. It measures the average
length of bit code per symbol under optimal coding. When the received signal is
white noise the entropy is maximum, and when the received signal is pure tone the
entropy is minimum. The above calculation is quite appropriate for white or quasi-
white noise; however, it performs poorly under coloured noise. For this algorithm to
work under coloured noise, the spectrum of each frame needs to be divided by the
average spectrum computed over all frames. Also before computing the spectrum, a
white noise with small amplitude is added to the signal.  More detailed
implementation of this method can be found in the following literatures (Renevey &
Drygajlo, 2001; Shen et al., 1998; Waheed, Weaver, & Salam, 2002). Detection
based on entropy of the magnitude spectrum has been proven to work in stationary,
non-stationary, white and coloured noise conditions at SNR from 10 dB down to -10
dB and below (Renevey & Drygajlo, 2001). Some research proves that entropy based
VAD performs better than energy based VAD.

The drawback of the above statistical based VAD algorithms is that they mainly
require the user to have a high SNR. However, this might not be feasible in all cases.
An alternative approach is to use the direction of the received signal to differentiate
between the presence of wanted speech and unwanted noise signals (Agaiby & Moir,
1997). It is assumed that the position of the user is within a predefined area (invisible
viewing zone) facing the microphone systems. The speech signal is expected to be
present inside this invisible viewing zone, and any signal originating outside this zone
is considered background noise. If the user happens to be outside this predefined
area, they could easily move themselves into this area to use the microphone system.

These types of methods restrict the user to stay within this zone of activity, where the
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speech is expected to be. However, this algorithm has been proven to work under a
variety of noise conditions including competing speakers, because it uses direction as
the main factor to distinguish the wanted speech, while most of the other VAD
algorithms seem to be unsuccessful when there is a competing speaker in the room.
The direction of the signal source can be estimated by using two-microphones and the

exact position of the signal source can be identified by using three-microphones.

The direction of the signal is generally approximated by estimating the time delay
between the two received signals at the microphones (Strobel & Rabenstein, 1999).
Many authors have proposed various approaches for estimating the time delay
between two received signals (Quazi, 1981). Some of these include generalised cross
correlation (GCC), parameter estimation (Chan, Riley, & Plant, 1980), cross-power
spectrum phase method (Omologo & Svaizer, 1994), and higher-order spectra. Out of
the above methods, the most common method for estimating time delay is the well-
known GCC method (Knapp & Carter, 1976). In order to avoid detecting the
reverberation signal as speech, the magnitude squared coherence (MSC) calculation is
also used with the GCC algorithm to detect the reverberation signals (Bouquin-
Jeannes & Faucon, 1995). The MSC is calculated for the received signal and
compared with a stored threshold to make a decision on whether echo is present or
not. MSC computed for a non-reverberation speech signal is high (close to 1) and
MSC computed for a reverberation speech is low (close to 0). Typically, a threshold
value of around 0.5 is chosen. Any MSC higher than this threshold value is speech

and any MSC value lower than this threshold value is reverberation.

The algorithm decides on a valid speech when both the estimated time delay and the
MSC functions detect the presence of speech. More detailed implementation of this
technique can be found in the literature (Agaiby & Moir, 1997; Moir, 2001b). An
enhanced version of this algorithm has been implemented for three-microphones,
which seems to give better results than the two-microphone algorithm (Chen & Moir,
1999). The main drawback with this algorithm is that it requires lot of computation
power. For an application that requires a quick response this might not be a feasible

choice.
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2.5 Speech Recognition in Noisy Environments

Speech-controlled applications are becoming more commonly used in day-to-day
activities. The commercially available systems often require the user to have optimal
conditions such as speech characteristics that match the training, a noise-free
environment and proper speaker adaptation. As a result, their performance can be as
good as 98% to 99% in a relatively quiet environment with a trained system (Jiju,
Singh, & Sharma, 2012). However, the main problem with using a speech
recognition system is that the performance of their system degrades under noisy
environments. The results from research (Chan, Yong, Nordholm, Yiu, & Lam, 2014)
show that the commercial recogniser can achieve a 65% recognition accuracy when

no enhancement method is used under the signal-to-noise Ratio (SNR) of 5 dB.

An attractive solution is to use a pre-processor with this system to improve its
performance. Different noise reduction methods have been used with the speech
recognition system to improve its performance. Research by Bitzer, Simmer, and
Kammeyer (1999) presents a comparative study of multi-microphone techniques for
hands-free speech recognition. Their research shows that using multi-microphone
techniques is the way to improve the speech recognition rate. The next chapter will
discuss a novel speech enhancement algorithm that can be used with the speech

recognition system to improve its performance.
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This chapter introduces the novel multi-microphone speech enhancement technique,
which is based on a hybrid non-linear neural network (NN) based adaptive
beamformer. A fully connected and partially connected input delay neural network
(IDNN) is introduced here for noise reduction. This is used in the switched Griffiths-
Jim Beamformer (SGJBF) structure, to reduce the background noise. This section

also provides the Labview software implementation of the proposed method.

3.1 Problem Formulation

An acoustical model of a dual-microphone speech enhancement system is shown in

Figure 3.1.
Speech Microphone 1
S(k)v G, ——
G, d(k Speech _a
( ) Enhangement Ie(k) S(k)
Algorithm
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n(k)L Ho [ o

Microphone 2

Noise

Figure 3.1. Acoustical Model of the Microphone Signals

The speech source and the noise source produce a transfer function from their location

to the sensor. These Finite Impulse Response (FIR) transfer functions

(ie.G,, G,, H,, and H,) are defined in the backwards shift z-transform z' as:
H(z)=)b,z" (3-1)

where b, is the filter coefficient (it is given as b, :[boblbz...bNb]), and N, is the

order of the filter.
The speech and noise are mixed together to produce the input signals for the speech

enhancement system. The input signal at the first microphone is given by:

d(k)=G;s(k)+Hn(k) (3-2)
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where s(k) is the speech signal, n(k) is the noise signal. Also, G, is the FIR

transfer function from the speech source to the first microphone, and H, is the FIR

transfer function from the noise source to the first microphone.

The input signal at the second microphone is given by:

x(k) = G,s(k)+H,n (k) (3-3)

where G, is the FIR transfer function from the speech source to the second

microphone, and H, is the FIR transfer function from the noise source to the second

microphone.

The aim of the speech enhancement algorithm here is to enhance the speech signal by
reducing the unnecessary noise present at the microphones. The next section

introduces a novel multi-microphone speech enhancement algorithm based on NN.

3.2 Proposed Speech Beamformer Algorithm

As discussed in the literature review section, the studies done by Stella et al. (2006)
and Van Compernolle et al. (1991) are the inspiration for this research work. A
combination of these works leads to the hybrid system proposed here. Stella et al.,
(2006) only use an “ADALINE neural network” structure as an adaptive filter in the
traditional ANC structure. Their application of the adaptive filter is to reduce the
engine noise in cars. They show that ADALINE performs well as an adaptive filter to
reduce the noise in real-life scenarios. Their experiment only concentrates on

reducing stationary noise.

Over the last few years, there has been an increased interest in NN based noise
reduction algorithms. The general trend in recent research work shows that a variety
of NN methods have been applied to the adaptive noise cancelling (ANC) structure
for noise reduction. They show quite promising results in certain applications.
However, results in these papers are produced from computer simulation. Also, in a
few of these studies, it is assumed that there is a noise-alone signal for the ANC

structure. However, it is only possible in some practical applications to acquire this
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noise-alone signal. In many cases, this reference signal gets corrupted by speech,
because it is often impossible to avoid the speech entering the second microphone,

while keeping the noise signal correlated in both microphones.

Research by Griffiths and Jim improved the current ANC algorithm by introducing a
speech alignment section before the noise cancellation section (Griffiths & Jim,
1982). However, this algorithm still has a few shortcomings, like the speech being
cancelled in the noise section. Van Compernolle’s work (1990) improved the
Griffiths-Jim structure by controlling the update of the adaptive filtering structures. It
is important to control the update of these filters. Supposing that the first filter is
updated all the time, then there is a possibility of the beam being directed towards the
noise source, thinking that is the desired signal. The second adaptive filter’s weights
are only updated during the noise-alone signal; which is done to avoid the speech
signal being corrupted by the noise reduction. The second adaptive filter will reduce
the noise signal; therefore, it is not necessary to align the noise signal in the beam-
steering section. Also, using a switch based on the VAD eliminates the requirement

for speech-free noise references.

Figure 3.2 shows the outline of the proposed switching adaptive filter structure for
speech enhancement. This design will be referred to as the Switched Griffith-Jim

Beamformer (SGJBF) structure.

Microphone 1 Speech & Noise Speech
O (k) $(k)=e: (k)
Adaptive Adaptive

Microphone 2 ilter W, \ Filter W,
Beam-steering Noise reduction
. . k
X, ( Kk section section Y2 ( )
"

\_
Switch Switch
VAD * Inverter Af

Figure 3.2. Proposed Non-linear Neural SGJBF Structure
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The desired signal d, (k) and the reference signal x, (k) of the beam-steering filter
are given as follows:
d,(k)=G,s(k)+Hn(k) (3-4)
x,(k)=G,s(k)+H,n(k) (3-5)

(Please refer to Figure 3.1 for more details about the variables and the transfer

functions used here.)

Adaptive filters are used to determine the difference in the acoustics transfer function

of the room. The output signal from the beam-steering filter is given by:

y, (k) =(G,s(k)+H,n(k))W, (3-6)

This first filters output signal and the desired input signal d, (k) are added together to
produce the second filters desired signal d, (k) and subtracted together to produce the

second filters reference signal x,(k). The aim of this process is to obtain the

“speech and noise signal” and the “noise-alone signal” for the noise cancelling filter.

The output from the addition function is given as:

d, (k) =d, (k)+y, (k) (3-7)

By substituting d, (k) and y, (k) in the equation (3-7), we obtain the following

results:

d, (k)=(Gs(k)+Hn(k))+(G,s(k)+H,n(k))W, (3-8)
The aim of the beam-steering filter is to approximate the transfer function
W, :G%} in the above equation. As aresult, d, (k) becomes:
2

d, (k)=(Gl +%G2js(k)+[Hl +%H2jn(k) (3-9)

2 2

The two speech signals are added together to produce a single signal given that the

exact transfer function is approximated by the first filter.
Gl
d,(k)=2Gs(k)+| H, o H n(k) (3-10)

2
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More details on the adaptive algorithm used to approximate the transfer function of

the speech signal are given in section 3.2.1. In order to simplify the equation (3-10),

let K = %Hz and by substituting K in d, (k), we obtain the following equation:

2

d,(k)=2Gs(k)+(H+K)n(k) (3-11)

The output error signal e, (k) from the subtraction function is given as:
& (k) =x, (k) =d, (k) -y, (k) (3-12)

By substituting d, (k) and y, (k) in the equation (3-12), we obtain the following

results:
x, (k) =(Gs(k)+Hn(k))—(G,s(k)+Hpn(k))W, (3-13)
%, (k)= [Gls(k)—% Zs(k)j+[H1n(k)—?T;H2n(k)] (3-14)

The first term in the equation (3-14) vanishes giving:

%, (K) :( 1_%142}1(1() (3-15)

2

Substituting K in the equation (3-15) we obtain:
x, (k) =(H, —K)n(k) (3-16)

The second adaptive noise cancelling filter’s output is given by:

v, (k) =((H, =K)n(k)) W, (3-17)

The output error signal e, (k) from the second filter is given as:

e, (k) =d, (k)-y, (k) =§(k) (3-18)

By substituting d, (k) and y, (k) in the equation (3-18), we obtain the following

results:
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e, (k)=(2Gs(k)+(H, +K)n(k))—((H,-K)n(k)) W, (3-19)

The aim of the noise cancelling filter is approximating the transfer function W,, which
(H, +K)

should approximate to: W, = (H K)
-

As aresult, e, (k) becomes:

(H, +K)

e, (k)=(2Gs(k)+(H, +K)n(k))—((Hl —K)mn(k)] (3-20)

The noise signals are minimised to produce the speech signal when the exact transfer
function is approximated. — More details on the adaptive algorithm used to

approximate the transfer function of the noise signal are given in section 3.2.1.

As a result, the noise term in the equation (3-18) vanishes giving:

e, (k)=2Gs(k) (3-21)

The remaining sections will explain in detail the adaptive algorithms used for
approximate these transfer functions, and also the VAD algorithm used to control the

update of this algorithm for the proposed neural SGJBF algorithm.
3.2.1 Beam-steering Filter

As explained earlier, the purpose of the beam-steering filter is to achieve an optimal
phase alignment between the input channels. Therefore, this filter is only updated
during the presence of the speech signal. Hence, this filter creates an invisible look
direction and focuses on the desired speaker. The aligned speech signals are then
processed by adding together to produce the primary signal for the ANC and
subtracted together to produce the reference signal for the ANC. However, the
reference signal for the ANC is hardly ever speech-free, as a result of multi-paths and

strong signal conditions.

The addition and subtraction section of this algorithm is quite essential part for noise
reduction. At the output of the addition section, twice the speech and noise signal is

creates by adding the speech signals together. At the output of the subtraction section,
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a noise-alone signal is created by cancelling out the speech signal. If the speech
signals are not aligned properly, they will not be subtracted completely to give a
speech-free noise reference signal, and they will not be added together to create the

primary speech signal.

An adaptive filter algorithm is used here to approximate this transfer function. The
two microphones are placed about 30 cm apart, and the location of the user is directly
in front of the system. A simple filter is sufficient to perform the necessary tasks in
the beam-steering section as it is not necessary to follow all the small head
movements. The well-known NLMS algorithm aligns the speech signals at the
microphones, and Figure 3.3 shows the conceptual structure of this algorithm. This is
an improved version of the traditional LMS algorithm. The main advantages of using
this algorithm are that it is simple to implement, has more stability and a faster
convergence rate than the LMS algorithm. Also, it is one of the most popular
adaptive filter algorithms to be used in signal processing applications. However, it

can be replaced with any algorithm that fits the target application.
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Figure 3.3 Normalised Least Mean Square Algorithm Structure

The output of the NLMS filter y ( I‘l) at the n™ iteration is given by:

y(n) = Yx, (a)w, () =X ()% (n) @2
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where — denotes a vector, and M is the order of the filter. The reference input signal

% (1) at the n" iteration is given by:

%(n)=[x(n),x(n~1),x(n-M+2),x(n-M+1)]' (3-23)

The weight vector W(n) at the n" iteration is given by:
W(n)= [Wo (n)wy(n), Wy, () Wy (n)]T (3-24)

The following NLMS equation calculates updating weight coefficient \Tv(n) at n+1

iteration (Tsuda & Shimamura, 2002):

- . w, .
W(n‘f—l):W(n)—’-Lmje(n)X(n) (3'25)
where u, is the step-size, and y is a small positive constant introduced in the

denominator to prevent division by zero situations.

In order to reduce the impact of the input signal’s amplitude on the gradient noise, the
step-size 4, is divided by the variance of the input signal [XT () X(n)] . This

process is called the normalisation of the step-size. This value is chosen to be in the
range of 0 to 1. This normalisation process makes the convergence rate insensitive to

the power level of the input signal.

It is necessary to update this weight vector only during the presence of the speech
signal to prevent the beam from steering to the noise source. The output switch from
the VAD function is used to control this update. Figure 3.4 shows the software

implementation of this algorithm in the Labview software.
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Figure 3.4. Implementation of the NLMS Adaptive Filter in the Labview Software

This algorithm can be replaced by any other algorithms like the affine projection
algorithm (APA) and recursive least mean square (RLS) algorithm that can
outperform this algorithm, but they require more processing power. (In Appendix A,
the paper published by the author on the APA based beamformer is given for further
reading). There is a trade-off between the performance and the complexity of the
algorithms. As a result, they will not be suitable for real-time processing with the
combination of the NN based noise reduction system as well as the speech-controlled

application.

3.2.1 A New Neural Network Based Noise Reduction Filter

An adaptive noise canceller (ANC) structure is used here to reduce the unwanted
background noise. However, this filter is only updated during the noise-alone period;
which prevents the target signal leakage problem raised in the traditional ANC
structures. Hence, by stopping the filter from updating its weights during the
presence of a speech signal, it eliminates the possibility of speech getting corrupted.
The output signal from the ANC is the enhanced speech signal. This filter has to

respond quickly to all the sudden changes in the noise signal.
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In general, traditional SGJBF uses a linear filter like the NLMS to reduce background
noise. However, real-time processing requires a large amount of weights to get any
amount of noise reduction. This is because the transfer function of the real-world
noise is unknown, and when a linear filter is used here, it does not perform as well as
it did in the simulation. A non-linear adaptive filter is required, in order to reduce this
non-linear signal effectively. Therefore, a non-linear NN based adaptive filter is

proposed here.

There is a wide range of non-linear filters available that can be used for this noise
reduction. However, this thesis focuses on an application that requires real-time
processing. As a result, an adaptive filter that does not require a lot of processing will
be more appropriate for this thesis. A NN based non-linear adaptive filter is chosen

here (as discussed in section 2.2).

The following options are used for the NN structure.

Feed-forward (FF) or Feed-backward (FB)

The flow of data in the network can be either feed-forward (static) or feed-backward
(dynamic). In the feed-forward (FF) structure, the data passes from the input layer to
the output layer. In the feed-backward (FB) structure, the output of any layer may be
fed back to itself or to any other layers (Landau & Taylor, 1998). It is also known as
the recurrent network. Figure 3.5 shows an example conceptual diagram of both of
these structures. As shown in the diagram, the FF network only has the data flow in
one direction and the FB network might have any combination of data flow. The
choice of these structures depends on the requirements of its application. For this
particular application, a FF NN is more appropriate as it only requires the reference

input data in the network structure.
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(a) Feed-forward Structure
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Network Layer Layer Layer Network
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put ) Hidden Output Output
Network Layer Layer Layer ¥ om the
Network
Delay
Delay
Figure 3.5. The Direction of the Data Flow in the NN Structure (a) Showing the FF

Network and (b) Showing the FB Network

Single or Multi-Layer Perceptron (MLP)

The number of layers can be either a single layer (i.e. with no hidden layers) or a
multi-layer perceptron (MLP). It is found by many researchers that any network
structure with a single hidden layer can be used as a universal approximate. Since the
structure is aimed towards real-time processing, only the basic three-layer perceptron
structure is investigated here. It is also evident from many research works, that a
three-layer network is good enough to approximate any unknown systems, given that
a sufficient amount of hidden units is available (Hornik, Stinchcombe, & White,

1989).

Time Delay Neural Network

In addition to the above configurations, the input data to the NN system will be given
as a tapped delay line structure. This is called the Input Delay Neural Network
(IDNN) structure, as the input to the network is delayed. This is a special feature of
the Time Delay Neural Network (TDNN) structure. The TDNN structure introduces
the delay in the NN architecture’s connectivity; on the other hand the IDNN structure
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only introduces the delay in the input signal and not in the architecture itself. In the
adaptive filter area, this method is considered as the tapped delay line. This structure
uses time series data for the input value. It is important to note that this structure is a
FF network; however, the feedback behaviour at each synapse of the network acting
as a FIR filter (Sinha, Gupta, & Rao, 2000). The IDNN adaptive filter proposed here

is shown in Figure 3.6. This consists of a FF three-layer perceptron with one hidden

layer.
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Figure 3.6. Overall Structure of the MLP with IDNN

Fully or Partially Connected Network

The connections between the input and output layers can either be fully connected
(FC) or partially connected (non-fully connected or NFC). Figure 3.7 shows the
connectivity for the fully and partially connected network structure. The FC network
means that all the input nodes are connected to each of the neurons and the NFC
network means that only some of the input nodes are connected to the neurons. All

the hidden layers are connected to the output layer for both structures.

In the NN structure shown in Figure 3.7, there are eight input nodes, five hidden

nodes and an output node (8-5-1). In the FC network, all the input nodes are
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connected to the hidden layers, and in the NFC network only four inputs are
connected to the hidden layer. This greatly reduces the amount of weight vectors in
the first layer. The choice of this connectivity, and the amount of nodes required in

each layer, is decided experimentally in the next chapter.

(a) Fully Connected Network (b) Partially Connected Network

WD Output Output
Input N\ 9,‘“,;, Value Value
Vector )
X

Hidden
Layer

Hidden
Layer

Input Input
Layer Layer

Figure 3.7. Fully and Partially Connected Network Structures

Computational Complexity

In a fully connected structure, the computational complexity of a single neuron
structure of the NN is almost the same as the traditional LMS algorithm. As the
number of neurons in the hidden layer increases, the complexity of the algorithm is
multiplied by the number of neurons used. When using the partially connected
structure, the computational complexity can be reduced slightly so that not all the

inputs are required.
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Activation Function

Sigmoid transfer function is most commonly used activation function by many

researchers.

Examples of sigmoid functions include arctangent and hyperbolic

tangent. However, later researchers have found that MLP has the universal

approximation capability, and intermediate layer activation functions are not as

crucial as was thought earlier (Stinchcombe & White, 1989).

The activation function chosen here is the hyperbolic tangent non-linear sigmoid

function; it is used for all neurons on the network. This function and its derivative are

given as follows:

f(x)=tanh(x)=

X —X

e —e

X

e +e”

f'(x)=1-f(x)’

(3-26)

(3-27)

An example of a hyperbolic tangent graph and its derivative is shown in Figure 3.8.
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Figure 3.8. Activation Function (a) Hyperbolic Tangent Graph, (b) Its Derivative

Figure 3.9 shows the proposed NN structure in detail. In the proposed system, a

partially connected three-layer IDNN is used as an adaptive noise canceller for the

SGIJBF structure. It is partially connected to achieve real-time processing. This is

the particularly important original contribution to this area. The structure has not

been used in this way for speech enhancement before (to the author’s knowledge).
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This structure will be tested with different background noise sources to analyse the

performance of this system.

Speech & Noise Signal Speech
d(n) Partially Connected y(n) A ()
Time Delay Neural Network
Adaptive Filter

Noise

x(n)

¥ Training Algorithm

Figure 3.9. Non-linear Partially Connected Three-layer FF NN ANC Structure

In the noise reduction filter shown in Figure 3.9, the output error signal e(n) is the
“enhanced speech” signal, desired signal d(n) contains the “speech and noise” signal,
and “estimated” signal y(n) is the output signal from the NN adaptive filter. The
output of this filter is given by:

y(n)=f ([Zvj (n)z, (n)}aj (3-28)

j=1

)

where v(n) is the second weight vector at the hidden layer, z(n) is the input signal

from the first layer, P is the number of neurons, a is the bias value at the output

layer, and f( ) is the activation function.
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Each neuron value at the hidden layer is calculated by:
N
Z(n):f[(Zwi (n)x, (n))+bij (3-29)
i=1

where w(n) is the first weight vector at the hidden layer, x(n) is the reference

signal, b is the bias value at the hidden layer, and N is the number of inputs to the

neuron.

The model of a single neuron at the hidden layer is given in Figure 3.10.

(1) w(1) bias Neuron
x(2) ~ Output
Input *, from the
valuesto  x(3) { e % neuron
the neuron : :
3 Summation  Acfivation |
(N -1) ) function

Figure 3.10.  Single Neuron Model Structure

At the start, all the weights are initialised to random values between 1 and -1. These

weights are updated at each iteration using a training (learning) algorithm.

Learning Algorithm

Learning algorithms are used for the NN structure, to train the network’s weight to
approximate the behaviour of the system. This idea of training or learning is the same
as adapting the weight vectors in the adaptive filtering area. Figure 3.11 shows how
the learning algorithm is used in the NN based adaptive filter structure. Figure 3.11
(a) shows the structure during the training period (i.e. when the VAD output is False -
the weight vectors are updated). Figure 3.11 (b) shows the structure during the non-

training period (i.e. when the VAD output is True - there is no updating done).
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(a) During training periods d(n)
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Figure 3.11  Applying the Learning Algorithm in the NN Adaptive Filter Structure

There is a wide range of learning algorithms that are available in the literature. They
vary from supervised, and unsupervised to reinforcement learning rules. Examples of
the learning rules vary from perceptron (Threshold Learning Unit), and Delta-rule to
the back-propagation algorithm. The error back-propagation is one of the most
commonly used learning algorithms to train the FF NN systems (Widrow & Lehr,
1993). It is efficiently used for updating the weights in the network and minimising

the error value.

Using this algorithm the new weight values are given by:

w(n+1)=w(n)+(hle(n)v(n)z'(n)x(n)) (3-30)
v(n+1)=v(n)+(h2e(n)y'(n)z(n)) (3-31)

where hl and h2 are the learning rate, z'(k) is the derivative of the hidden layer

neuron, and y'(k) is the derivative of the output layer neuron.

This algorithm is sometimes considered as being too slow if it does not converge.
This generally happens in cases where the network size is too small when compared

to the problem. However, there are other options available to improve the
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performance of the learning process; a summary of these can be found in Sarkar
(1995).

Momentum Term

A momentum term can be used to improve the performance of the back-propagation
algorithm and also the local minima problem can be reduced. The advantages of
using the momentum term have been studied by many researchers (Abbas, Ahmad, &

Bangyal, 2010).

The new weight vector including the momentum term is given by:

w(n+1)= w(n)+ (hle(n)v(n)z'(n)x(n)) - oc(w(n) -w(n —1)) (3-32)

v(n+1)= v(n)+(h2e(n)y'(n)z(n))+p(v(n)-v(n-1)) (3-33)

where « and g are forgetting factors, which are normally chosen to be less than 1.

These values control how much the new weight value changes from one-iteration to

the next-iteration.

The Labview software implementation of this single hidden layer FF NN with input
delay is given in Figure 3.12. This neural beamformer structure proposed here can be
easily extended to a three-microphone or a four-microphone neural SGJBF system (as

shown in Chapter 4).
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3.2.2 Voice Activity Detector

A Voice Activity Detector (VAD) is used to analyse the acquired signal to determine
if it contains a speech signal or not. This is also referred to as a speech detection
algorithm. A reliable VAD is essential in order to prevent the speech signal from
becoming distorted or cancelled. A VAD based on the variance of the input signal is
used here. This is a much simpler approach to determine the presence of speech, but
there are other more complicated algorithms that exist, which could be used instead
(as discussed in section 2.4). Also, since the proposed beamformer algorithm requires
a lot of processing, this VAD algorithm is chosen to maintain the overall real-time
processing of the application. A brief explanation of this VAD algorithm is given

below.

Traditionally, the variance of the signal is calculated by squaring the standard

deviation value (o), and it is given by:
Variance(X)=c" = I(x — p)zf (x)dx = Ixzf (x)dx—p* (3-34)

where u is the expected value of x, and it is given by:

u= Ixf(x)dx (3-35)

This equation requires the calculation of the mean for a set of samples, and it is
processed as batches. For a large number of samples, this algorithm will not be able
to track any sudden changes in the noise source. It is important here to recognise
these noise variances as it might lead to an incorrect result. An algorithm that can
track a non-stationary noise source is required. Therefore, another method called
“automatic variance estimator” is used here to calculate the time varying variance
sample by sample (Moir, 2001a). This method is a form of automatic gain controller,
but it is calibrated to calculate the variance rather than the amplitude. Generally,
automatic gain controllers are used in control applications to amplify the signals.
Figure 3.13 shows a block diagram of the automatic variance estimator used here

(Moir, 2012).
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Figure 3.13.  Automatic Variance Estimator

An iterative algorithm is used to calculate the variance in real-time at each sample by
sample basis and for the n™ iteration it is given by:

Variance = 6(n)’ = . (3-36)

2
y(n)
where y(n) is the output from the integrator, and it is given by:

y(n)=K]e(n)dt =Ke(n)+y(n-1) (3-37)

where K is a really small value called threshold gain, e(n) is the output from the
summing junction and y(n—1) is the integrator output from the previous iteration.

Threshold gain limits the amount of time varying information from the input to the
output signal. Hence, choosing a really small value will smooth the output graph, or

choosing a larger value will track all the small movements in the input signal.

The output from the summing junction is given by:

e(n) =setpoin’c—(x(n)y(n—l))2 (3-38)

where x(n) is the input signal which contains a noisy speech signal and the set point

is generally chosen as 1 for simplicity.

A threshold value is used to distinguish between the noise-alone signal and the speech
signal. This threshold value is chosen at run-time, depending on the level and type of
the background noise in the target application. A comparison of the calculated
variance value is carried out with the chosen threshold value. If the calculated value
is greater than the threshold value, then the VAD output is equal to “True”, or else it
is equal to “False”. The output from this VAD function is used to control the update

of the adaptive filter weights. The result from the VAD algorithm only allows one
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filter to be updated at any given time. Figure 3.14 shows the overall process of the

VAD algorithm in this chosen beamformer algorithm.
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Figure 3.14.  Overall Process of the Voice Activity Detector Algorithm

Implementation of the above algorithm is carried out in the Labview software. Figure

3.15 shows the screen shot of this program. At the start of the program, the initial

y(n—1) and the “set point” value are set to 1.
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Figure 3.15.  VAD Based on Automatic Variance Estimation

The drawback with this method is that it requires the power of speech to be higher
than the noise power. However, the NN noise reduction algorithm is the main focus
of this research and this VAD function can be easily replaced to improve the

performance of the system at low SNRs.

3.3 Summary

In conclusion, a novel NN based switching adaptive filter structure is proposed here
for real-time speech enhancement. A single hidden layer IDNN structure is used for
noise reduction. This proposed system will be referred to as the Neural Switched
Griffiths-Jim beamformer (Neural SGJBF) algorithm. This is a non-linear version of
the well-known Van Compernolle’s (1990) switching adaptive filter structure. This
NN based adaptive noise canceller structure is a very powerful novel contribution to
this area; as this structure has not been used in this way before with NN. This neural
adaptive filter algorithm is a generic algorithm and can be used for any application

that requires non-linear adaptive filtering.
In the following chapter, the VAD algorithm, the NN based adaptive filter and the

proposed NN based beamformer algorithms are tested in different situations, to show

the capability of this algorithm.
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CHAPTER 4
Experimental Results from the Speech Enhancement Algorithm

This chapter evaluates the performance of the developed speech enhancement
algorithm. The performance of the voice activity detector (VAD) and the adaptive
filters are tested individually. The algorithms are first tested with computer
simulations and then they are tested with real-world recordings. In addition to this,

the use of more microphones is also tested with real-world recordings.

4.1 Experimental Results from the Variance Based

VAD Algorithm

This section analyses the capability of the VAD algorithm under different types of
noisy backgrounds. Several experiments were performed using the VAD algorithm
based on the automatic variance estimator (explained earlier in Chapter 3, section

3.2.2).

The following pseudo code is used to discriminate between the presence of the
“speech and noise” segment and “noise-only” segments.
If (Variance > Threshold value) then
VAD=True
Else
VAD=False
End

The VAD is turned on when the calculated variance value is above the threshold value
and it is turned off when the calculated variance value is below the threshold value.

This VAD output is used to control the update of the adaptive filter weights.

Initial threshold value is determined after calculating the variance of the noise-only
segment. For all the experiments shown here, a value above the maximum noise
variance is chosen as the threshold value. Since the background noise is non-
stationary and the type of noise will be different for each application, the user is

required to set a different threshold value for each experiment.
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4.1.1 Experiment 1

This experiment is carried out to test the VAD algorithm in a simple situation, with a
low level of stationary background noise and an isolated speech signal. A simple
real-world recording was carried out to record an isolated speech signal at a low level
of background noise. The speech signal contains the command “one”. The
background babble noise was taken from the Noise-X database and played through a
speaker ("NOISEX-92," 1996). An initial system configuration was done to
determine the threshold value. The user is able to observe the calculated variance
graph, and decide the initial threshold value. The threshold value is chosen slightly
above the maximum variance value of the “noise-alone” period. For this experiment,
the threshold value was set to 0.2. After several trials, a value of 0.0003 was chosen
as an appropriate threshold gain. It is found that a lower threshold gain gives a much

smoother variance graph.

Figure 4.1 (a) shows the input signal to the VAD function and the output VAD
decision from the VAD algorithm. This VAD decision is used later on, to control the
update of the adaptive filters. Figure 4.1 (b) shows the calculated variance value from

the VAD function and the chosen threshold value.
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(a)Input signal and VAD decision (b) Variance graph

Figure 4.1. Experiment 1 Output Results from the VAD Function

As is noticeable from the noise variance results, the noise is quite constant and can be
easily distinguishable from the variance of the speech signal. This is a simple

example that does not create any problems for the VAD algorithm.
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4.1.2 Experiment 2

This experiment is performed to test a situation, with several speech commands at a
slightly higher level of non-stationary background noise. Another recording similar to
experiment 1 was carried out, with the input signal containing the speech commands
“one, two, three, four, five” and a slightly higher level of background noise. The
background contains the factory noise which was obtained from the Noise-X
database. After an initial test run, the threshold value of 0.75 and threshold gain of

9e-5 is chosen here for this experiment.

Figure 4.2 (a) shows the input signal to the VAD function and the output VAD
decision from the VAD algorithm. Figure 4.2 (b) shows the calculated variance value

from the VAD function and the chosen threshold value.
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Figure 4.2. Experiment 2 Output Results from the VAD Function

It is clear from the results that the variance of the speech is still much higher than the
background noise and can be easily identified. Therefore, it can be seen from these
experiments that this type of energy based VAD algorithm works well under low to

medium levels of background noise.

The rest of the experiments will demonstrate the capability of our VAD algorithm in
several extreme cases. Experiment 3 shows the importance of choosing an
appropriate threshold value and experiment 4 shows a really extreme situation, with a
high level of non-stationary background noise. A solution to these problems will also

be discussed here.
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4.1.3 Experiment 3

This experiment is performed to test the importance of choosing an appropriate
threshold value. For this experiment, the speech signal contains several speech
commands and a high level of non-stationary background noise. The speech

The background

99 ¢6

command contains “open file”, “start acquire” and “start analyse”.
noise is the factory noise obtained from the Noise-X database. Figure 4.3 shows an
example output from the low SNR situation. After an initial test run, the threshold

value of 0.2 and threshold gain of 0.0003 is chosen here for this experiment. As can

be seen from the graph, there are several false VAD decisions.
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Choosing the correct threshold value is somewhat important in our algorithm as this
could lead to false VAD detections, and the start and end of the speech signal being
cut off. Figure 4.4 shows another instance of this recording with a higher threshold
value of 0.3. As can be seen from the graph, the VAD decision is correctly identified,

but there is a possibility of the start and end of the signal being cut off.
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The false VAD decision can be avoided by choosing a higher threshold value, but this
could also create another problem of the start and end of the speech signal being cut
off. This is the main disadvantage with this type of VAD algorithm. For our
application, it is fairly important to avoid the false detection during the start and end
of the speech signal. As a result, it could lead to a distorted speech signal or to false
speech recognition. In the next experiment, an extreme case where the VAD will

struggle to function is tested and a solution to this problem is proposed.

4.1.4 Experiment 4

This experiment is done to test an extreme case where the background noise is non-
stationary and is really high. This experiment has the speech command “start
acquire” and factory noise as the background noise. (This file is also from the Noise-
X database). This recording has a high level of background noise (also known as the
low SNR situation). Figure 4.5 shows an example output of this situation. After an
initial test run, the threshold value of 0.5 and threshold gain of 9e-5 is chosen here for

this experiment.
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Figure 4.5. Experiment 4 Output Results from the VAD Function

As can be seen from the graph, the variance of speech and variance of the noise-alone
period are quite close to each other when compared to the other experiments. A
higher threshold value can be chosen to avoid most of the false VAD decisions, but
there are still a few anomalies in the VAD results. However, doing this led to the start
and end of the speech signal being cut off. Since this algorithm is mostly dependent

on the energy of the signal, this sort of behaviour is to be expected. For our
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application, it is important to make sure we get the start and end of the speech signal

as this can lead to a false recognition.

In order to avoid the problems discussed earlier a moving average of the variance is
calculated. A set of variance values are averaged, and a much smoother variance
output is calculated. A different buffer size is tested, and the number of samples is
chosen to be 2500 for this experiment. After an initial test run, the threshold value of
0.51 and threshold gain of 0.0003, are chosen here for this experiment. An example
of the result is shown in Figure 4.6. As can be seen from the graph this combination

gives much smoother variance values in the noisy signal period.
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Figure 4.6. Experiment 4 Improved Results (Threshold Gain of 0.0003)

Another experiment is done with the threshold value of 0.5, threshold gain of 9e-5 and
with 5000 samples chosen for the averaging. An example of the result is shown in
Figure 4.7. The results confirm that there is no single correct threshold value. Initial

testing has to be done to approximate this value for different background noise.
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Figure 4.7. Experiment 4 Improved Results (Threshold Gain of 9e-5)
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Figure 4.8 shows the results from experiment 3 using the new improved averaging
method. After an initial test run, the threshold value of 0.2 and threshold gain of

0.003 is chosen here for this experiment.
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Figure 4.8. Using the Moving Average Algorithm to Detect the Speech for the

Recording Done in Experiment 3

As can be seen from the results, this solves the problem of the start and end point
being cut off and also there are no VAD decision errors in the results. In Figure 4.8 it
should be noted that the VAD decision of the second and third commands are
considered as one speech; and the VAD decision is true for the entire length of the
command. It is likely that the noise is constant during this period; therefore, it is not

necessary to turn on and off the ANC in between the words.

This section tests the automatic variance estimator based VAD algorithm. After
finding a few limitations in the current algorithm, this method was improved with a
moving average of the output variance value. This modified automatic variance
estimator algorithm is proposed to be used with the beamformer algorithm. This

method was found to be effective under stationary and non-stationary noise sources.

4.2 Testing the Neural Network based Adaptive Filter

The single hidden layer IDNN based adaptive filter is implemented using Labview in
a fully connected (FC) and partially connected (non-fully connected or NFC)
structure. Both NN systems use the back-propagation algorithm to train the weights.

It is found that the convergence of this algorithm depends on the initial weights,
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learning rate, the momentum term and the network architecture (Hamid, Nawi,
Ghazali, & Salleh, 2011). In the following experiments, the convergence behaviour

of the back-propagation is analysed.

4.2.1 Network Size

There is no set theory behind choosing the size of the network. Choosing an
appropriate network size depends on the problem at hand and it is often chosen
experimentally. The general concept is that the number of neuron size chosen is to be
larger than the problem at hand (Zhongguang & Zongyuan, 2000). As a result, there

may be several architectures that can give promising results.

Note that short-hand notation for describing the architecture/topology is used where
by 10-5-1, denotes ten in the input layer, five in the hidden layer, and one in the

output layer.

4.2.2 Effect of Learning Rate

The first experiment is carried out to show the effect of learning rate (LR) in a FC
network structure and NFC structure. For this experiment the input signals are

simulated according to Figure 4.9.

Input Signal
Transfer Input 1 o _ Output,
function H, g
White noise \
Transfer Input 2 I.DNN AF B
. —{ single hidden
function H, layer

~—

. e(k
\ BP algorithm

Figure 4.9. Simulation Setup to Test the NN Based Adaptive Filter

Gaussian white noise is simulated in the Labview software with the standard deviation

of 0.01 and 70,000 samples. The two input signals to the adaptive filters are achieved
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by simulating the noise signal with the transfer functions, H; — input 1 and H, — input
2. Then input 2 is fed into the NN structure and the error between the signals is
minimised, by approximating the network weights using the back-propagation
algorithm. Each sample of the input signal is fed into the IDNN structure, and an
output error value is calculated, this is then used to update the new weights values for

the next sample.

The FC IDNN architecture used here has ten input values, five neurons, and one
output value (10-5-1). The NFC IDNN architecture also has ten input values and five
hidden neurons, but only five inputs values are passed to hidden layer. The
hyperbolic tangent function is used here as the activation function for this structure.

The weight vectors are initialised to random values between -0.5 to 0.5. The transfer

functions are set to H, =1 and H, =1-0.5z"".

These two network structures are tested with different values of LR. Figure 4.10
shows the Mean Square Error (MSE) results from the FC and NFC IDNN. Hence, the
MSE value shows the rate of convergence of the output error signal. As shown in the
figure, a large learning rate gives a much faster convergence in both network
structures. However, the FC network performed much better than the NFC network.
This is because the NFC requires more time to approximate the function as it only

takes a few input values to calculate the neuron.
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Figure 4.10. Comparison of MSE Results from the FC and NFC - IDNN Adaptive
Filter with Different LR
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The FC network can be used in cases where the processing time is not the main
concern, and the NFC network can be used for real-time processing where a much

faster response is required.

4.2.3 Selection of Initial Weights

The weight values are generally initialised to small random values. This experiment
shows the effect of the initial weight selection on the output of the network. The
experiment setup is kept similar to the above experiment. The network structure is
kept the same as above (ten input values and five hidden neurons), and the learning
rates are set to 0.5. Four different ranges of random values are tested in this
experiment. They are initial weights with random values (-0.05 to 0.05), (-0.25 to
0.25), (-0.5t0 0.5), and (-1 to 1).

0.025 -1 Initial weights 0.05 IK

00225 - Initial weights 0,25 IK
0.02- Initial weights 0.5 [/N\
0.0175- Initial weights 1 W

0.015-

0.0125-

MSE

0.01-

0.0075 -

0.005 -

0.0025 -

Fﬂ"‘“—“ﬁ

1 1 1 1 1 1 1 1 1
350 1000 1500 2000 2500 3000 3500 4000 4500 S000
Time (Samples)

Figure 4.11. MSE Comparisons of Different Initial Weight Values (I-10, N-5, LR-0.5)

The results show that initial convergence is affected by the initial weights but
eventually they all approximate the system. A smaller value below 0.25 can be used
to reduce the convergence rate of the NN structure. A larger weight value will take
longer to converge. Also, it is essential to note that the initial weight value cannot be

equal to zero.
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4.3 Evaluation of Various Adaptive Filters

This section evaluates the capabilities of several adaptive filter algorithms (LMS,
NLMS, APA and NN) in different noise situations. This section is not intended to
show that one adaptive filter is better than the other algorithm,; it is only carried out to
show how each of these adaptive filters perform under different conditions. Appendix
B gives details of the Labview software implementation of other adaptive filters used

in this experiment.

4.3.1 Experiment 1

This experiment is carried out to verify that the implemented adaptive filters are
functioning appropriately, and it is achieved by identifying a defined system. This
experiment setup resembles a system identification process. The input signal setup
and the experiment simulation setups are shown in Figure 4.12. The Gaussian white
noise signal is simulated with the transfer functions H, and H, to obtain the primary
input signals and reference input signal, respectively. These transfer functions are

simulated as a representation of the acoustical room response from the noise source to

the microphone.

d(k k
Setup of the Transfer P(' ) Ee( )
. rimary - o
Input Signal Function H, Signal o _ oL
White Noise
x(k) \ y(k)
Transfer Reference |  Adaptive
Function H, Signal Filter W

Figure 4.12.  Experimental Setup Used to Approximate a Certain Linear Transfer

Function

At the k™ iteration, the input primary signal d(k) is given as d(k)=Hn(k),
reference signal x(k) is given as x(k) = Hzn(k) , and the output signal e(k) is given

as e(k)=d(k)-y(k).
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The adaptive filter’s output is given as y(k)=X"W . The aim of the adaptive filter is

to approximate the transfer function so that the error between the two signals will

minimise to zero. Hence, the weights vector W should approximate to W = —L.
2

For this experiment, the input signal n(k) is set up with a Gaussian white noise,

which has a standard deviation of 0.055 and zero mean value. The primary signal

d(k) has a transfer function H, of 1.558-0.81z", and the reference signal x(k) hasa

transfer function H, of 1. The rest of the variables in the adaptive filters are set to

the values in Table 4.1.

Table 4.1. Variables Used for the Adaptive Filters

APA N=20,M=15pu=04,6=0.1

LMS N=20,p=04

NLMS | N=20, p=0.4,y=0.0001

Volterra | N=20,u=04

NN Fully |20 - input nodes, 15 - hidden nodes and 1 - output node
connected

Learning rate h1 = 0.4 and h2 =0.5

where N denotes the number of weights, M denotes projection order, . denotes step-
size, Y denotes gamma value, and & denotes regularisation factor. More details on this

can be found in section 2.2.

The first test is to observe whether the output weight values of the adaptive filters are
approximating to the designed transfer function of the system. The NN filter was not
included in this comparison as the weights do not approximate to the transfer
function. Figure 4.13 shows the weight values calculated from the adaptive filters at

each sample. As evident from the graph, after 50 iterations the APA algorithm has
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converged to the appropriate a0 =1.558 and al=-0.81 values. The NLMS and
Volterra algorithms converged after 200 iterations. However, the LMS algorithm
took longer to converge. As shown in Figure 4.14, it eventually converged at about

4000 iterations.
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Figure 4.13.  Adaptive Filters - Weight Values after 4,000 Samples
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Figure 4.14.  Adaptive Filters - Weight Values after 20,000 Samples

The above experiment was carried out with a lower p value to show the convergence
characteristics of the adaptive filters. In certain situations, a higher p value can give
a much faster convergence, although for the LMS algorithm a higher p value might
also cause the system to become unstable. The NLMS is not affected by this

instability problem as it normalises the p value by its input signal.

This experiment shows that even with a lower value of u, the APA and NLMS
algorithm perform well compared to LMS. The convergence rate of the adaptive filter

depends on the p value. Figure 4.15 shows the comparison of MSE for all the
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adaptive filters. This graph shows that all of the adaptive filters converge, but LMS is
slightly slower than the other filters.
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Figure 4.15.  Comparison of MSE for all the Adaptive Filters (NLMS, NN, APA, LMS

and Volterra Filter)

This experimental setup shows that all the filters are working correctly. This
experiment is tested with a linear system where the Least Square (LS) algorithms
should not have any trouble approximating. In the next experiment, much more

difficult situation is tested, where the LMS algorithms will find it difficult to perform.

4.3.2 Experiment 2

This experiment is carried out to show the performance of the adaptive filters in
coloured noise situations. Initially, a Gaussian white noise signal is put through a
transfer function, H, to achieve a coloured noise. Then this signal is simulated with
the transfer functions, H1 and H2, to obtain the primary and reference signals as per

the above experiment. The input signal setup is shown in Figure 4.16.

The fact that the LMS algorithm has a slower convergence rate when the input signals
are correlated has been established in the literature (Bilcu, 2004; Haykin, 2002).
Therefore, this experiment will test the performance of all the adaptive filter
algorithms, with one transfer function with lower eigenvalue spread, and one with

higher eigenvalue spread values in coloured noise signals. These transfer functions
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are obtained from Haykin’s 4™ edition book and a more detailed explanation on this

area can also be found there (Haykin, 2002).
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Colored Noise Transfer Primary R C\EHOf
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Figure 4.16.  Experiment 2 Setup

Case 1.

The transfer function H is set to 1-0.1950z7+0.95z7 which will give a small
eigenvalue spread of 1.22. The transfer functions, H1, H2 and the rest of the variables
in the adaptive filters are kept the same as the first experiment (as shown in Table
4.1). A p value of 0.4 was chosen for all the adaptive filters as any value above this

caused problem for the LMS algorithm.

Figure 4.17 shows the results from this experiment. As can be seen from the graph,
the LMS algorithm has a slower convergence rate than the other algorithms. This was
to be expected from this type of experimental setup. It is important to note that all the

adaptive filters eventually did converge to the weight value (a0 =1.558 and a1=-0.81).
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Figure 4.17.  Experiment 2 Results with a Small Eigenvalue Spread of 1.22
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Figure 4.18 shows a comparison of MSE between all the adaptive filters. As can be
seen from the graph, all the adaptive filters have relatively similar results. This was

expected from this input signal.
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Figure 4.18. MSE Comparisons of the Adaptive Filters - LMS, NLMS, NN and APA
(Eigenvalue Spread of 1.22)

Case 2.

The transfer function, H, is changed to 1-1.91 142'40.95z, which will give a large
eigenvalue spread of 100. The remaining variables are kept the same as above. In
this experiment, different p values are tested, and the results are analysed. It is found
that, for the LMS algorithm, a p value of 0.01 has to be used to get a valid result,

otherwise the algorithm becomes unstable.

Figure 4.19 shows the results from this experiment. It also shows a comparison of the
NLMS algorithm with high and low p values. The APA algorithm and the NLMS
algorithm with high p value converge to the weight value (a0 =1.558 and al=-0.81)

much more quickly than the other algorithms.

72



CHAPTER 4
Experimental Results from the Speech Enhancement Algorithm

APS (rau=0.1) AV

a0-Wo array al-W1 array NLMS (ru=0.1) [

04— LMs (mu=0,01) [~
NLMS {mu=0.1 - BLMS {ru=0.9) |
- LMS {(mu=0.01)
S-0z-
= MLMS {mu=0.1}
T -0.4-
NLMS (mu=0.9
0 { }
05— APA
0=y 1 1 1 1 | -1 1 1 1 1 |
100 20000 40000 &O000 0000 100000 o 20000 40000 B0000 50000 100000
Samples Samples

Figure 4.19.  Experiment 2 Results with a Large Eigenvalue Spread of 100

Figure 4.20 shows a comparison of MSE between all the adaptive filters. As can be
seen from the graph, the LMS algorithm struggles to perform under these conditions.
The NLMS algorithm also slightly struggles with a low p value (u=0.1). However,
the performance of the NLMS algorithm can be improved by using a higher p value.
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Figure 4.20. MSE Comparisons of the Adaptive Filters — LMS, NLMS, NN and APA
(Eigenvalue Spread of 100)

It is shown by these experiments that the rate of convergence depends on the step-size

u and eigenvalue spread of the input signal.
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4.4 Real-Time Experiments of the SGJBF

This section tests and compares the performance of the NLMS based SGJBF
algorithm with the proposed Neural SGJBF algorithm. Real-time recordings were
carried out to test these beamformer algorithms. Initially, dual microphone systems
are implemented and tested. Later, this study is extended to show the effects of using

more microphones with these algorithms.

Figure 4.21 shows a typical office environment where the recordings are carried out
for the remaining experiments. The microphones are mounted on the computer
monitor in a linear array about 30 cm apart from each other. The experiment is set up
as follows: the target speech signal is generated in front of the two microphones and

the interference signal is generated at about a 45 degree angle to the microphones.
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Figure 4.21.  Experiment Setup
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4.4.1 Experiments with Dual-Microphone SGJBF

Two different arrangements of SGJBF algorithms are developed in the Labview
programming language and compared in this section:

e First the proposed method with the first filter based on NLMS and the second
filter based on NN is implemented. This arrangement will be referred to as
Neural SGJBF. A partially connected IDNN structure with one hidden layer is
used here for real-time processing.

e The second method is based on two NLMS. (i.e. the first filter and the second
filter both use the NLMS algorithm). This arrangement will be referred to as
NLMS based SGJBF.

A VAD based on automatic variance control discussed in section 3.2.2 is used with
both of these beamformer arrangements. The parameters used for this experiment are

given in Table 4.2.

Table 4.2. Variables Used for the Adaptive Filters

Parameters used for NN adaptive filter

Three Layer Network — Input node - 20 (1% layer), Hidden node -
17 (2™ layer), Output node - 1 (3" layer)

Number of connections in the first layer 4 - Partially

(from the input nodes to the hidden node) connected

Number of connections in the second layer 17 - Fully

(from the hidden nodes to the output node) connected

Iterations of training given for the NN 100

Learning rates h1 and h2 0.8
Parameters used for NLMS adaptive filter

No of weights coefficients N 85

Step-size p 0.8

Gamma value y 0.0001
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The quality of the output is generally accessed using the signal-to-noise ratio (SNR).
This provides a ratio of how much noise is present in the output of the signal

compared to the input signal.

The quality of the outputs signal is measured by the SNR and is calculated using:

P, N
Signal to Noise Ratio (SNR) =10log,, ( Signal+Noise NOlseJ (4-1)
Noise
where Pg,i.noise indicates the power of the signal and noise and Py, indicates the

power of the noise alone signal.

For the first experiment, the speech signal contains the word “one” and the white
noise as interference signal from the Noise-X database. One example signal from this
experiment is presented in Figure 4.22. The input signal contains the word “one” and
the interference signal was played through a speaker. Figure 4.22 (a) shows the input
primary signal with a SNR of 11.48 dB and the VAD results, and Figure 4.22 (b)
shows the input reference signal with a SNR of 12.14 dB. Figure 4.22 (c) shows the
output signal from the NLMS based beamformer with a SNR of 16.17 dB and Figure
4.22 (d) shows the NN based beamformer with a SNR of 24.89 dB.
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Figure 4.22.  Input and Output Signal from the White Noise Interference Experiment

As can be seen from the results, the NN based beamformer algorithm performed much
better than the NLMS based beamformer. This is quite possibly because NN is able
to handle non-linear adaptive filtering when compared to the traditional the NLMS
filter. In the earlier simulation section, NLMS filter output outperformed the NN
filter. The transfer functions of the room acoustics are unknown in the real-world
recording. In theory, it is well-known that non-Gaussian noise signals require non-
linear adaptive filtering. The background noise in this experiment might have created
a non-linear transfer function in the real-world situation or it could be highly
correlated. As a result of these, NLMS has not performed as well as it did with the

simulations done in the earlier section.

This result is further analysed by comparing the MSE of the output signals. Figure
4.23 shows the comparison of the MSE of the output signal for the NLMS and NN
based beamformers. As can be seen from the graph, the NN converged more
smoothly than the NLMS. This shows that the NN has a better convergence rate than
the traditional NLMS algorithm.
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Figure 4.23. MSE (dB) Comparison of the Dual Microphone NLMS Based SGJBF
and NN Based SGJBF Output Signals

Several more experiments were conducted by varying the level of the white noise,

while keeping all the other variables the same as in the experiment above. Figure
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4.24 shows the comparison of the input SNR versus the output SNR for both NLMS
and NN based beamformers. It is evident that with the real-world recording, the

NLMS filter is finding it difficult to perform as well as it did with the simulated data.
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Figure 4.24. Comparison of SNR of the Input vs SNR of the Output Graph

The output signal from the NLMS based beamformer showed only a small
improvement in SNR of about 5.5 dB. In most cases, the NN beamformer showed a
notable SNR improvement of about 13 dB, and an impressive improvement of 22.6

dB was achieved in one particular case.

The above experiments show the performance of the beamformer with different levels
of white noise as the interference signal. In the next experiment, this beamformer
algorithm is tested with the babble noise, and then with the factory noise (all these
files are from the Noise-X database). The experimental setup is kept the same as
above. Table 4.3 shows the comparison of the SNR of the input and the output signal
for both NLMS and NN based beamformers, with the babble noise and factory noise

signals.
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Table 4.3. Comparison of NN and NLMS GJBF with Different Interferences

Type of Interference | Input SNR (dB) Output SNR (dB)
Primary Reference | NLMS | NN

Babble Noise 19.39 16.71 29.97 | 34.85
13.32 10.45 2423 | 29.35

Factory Noise 14.06 13.56 2335 | 26.66

As seen from the results, the NLMS was able to improve the output by about 10 dB,
and NN was able to improve the output by about 15 dB. In general, the NN based
beamformer out-performed the traditional NLMS based beamformer by up to 5 dB for
different types of interference signals and at different SNRs.

4.4.2 Experiment Using More Than Two Microphones

This section discusses the effect of using more microphones with the proposed
beamformer structure. The performance of the dual microphone system decreases as
the number of noise sources increases. The theory states that N-1 noise source can be
approximated using N number of microphone array systems. Therefore, this problem
can be dealt with by adding additional microphones to the proposed system. The
complexity and the time it takes to calculate the output will be increased, when adding
additional microphones. It will be interesting to see if this additional processing

increases the output performance.

Figure 4.25 shows a generic N number of microphone neural SGJBF structure. The
first microphone is considered as the primary signal and the rest of the microphones
are reference signals. Each microphone signal will contain different levels of speech
and noise signal. The speech present in the reference signal is aligned to match the
primary signal. All the NLMS based beam-steering filters (NLMS1, NLMS2 and
NLMS N) use the primary microphone 1 signal as the reference and align the other
microphones’ speech signals to this signal. The output from the subtraction section

produces (N-1) different noise signals. They are subtracted from the output of the
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addition section to produce the speech signal. The proposed NN based noise
reduction filter is used here to reduce this noise at the microphones. A VAD
algorithm is used to control the update of these adaptive filter weights (explained in

section 3.2.2).

Microphone 1 Speech & Noise
O T =/_\S eech |
Microphone 2 \ [N
O-» NLMS| ERLULN NS +
A
‘ ' Invérted
Microphone 3 \ A VAD

w2 ()

s Invérted
Microphone N \ VAD A VAD

Noise
OT’ NLMS N — > NNN
\_/
T

|
1

VAD Inverter

Figure 4.25. N Number of Microphone Neural Switched Griffiths-Jim Beamformer

4.4.2.1. Three-Microphone Array System Experiments

This section discusses the three-microphone array beamformer system. The three-
microphone neural switched GJBF and the traditional three-microphone NLMS based
switched GJBF have been developed using the Labview programming language G.
The NN structure uses a partially connected structure as this system is aimed towards

a real-time experiment.
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A similar setup to the above experiment is used here. The experiment is set up as
follows: the desired speech signal is generated in front of the microphones and the
interference signals are generated at an angle to the microphones. The three-
microphones are positioned in a linear array approximately 15 cm apart; Figure 4.26
illustrates this arrangement. The interference signals used here are babble noise and
factory noise. They are accessed from the Noise-X database. The babble noise is
positioned at about a 65 degree angle on the right, and the factory noise is positioned

at about a 30 degree angle on the left.

Three-Microphone Linear Array

Mic 1 Mic 2 Mic 3
OO0
30 cm

Figure 4.26.  Arrangement of the Three-Microphone Array

After carrying out several experiments the parameters from Table 4.4 were set for the
NLMS and NN based beamformer. Initially, The NN structure was trained with a

small section of the interference signal (3000 samples).

Table 4.4. Variables Used for Three-Microphone Beamformer Experiment
NLMS - _
Number of weights = 85, u = 0.8, y =0.0001
SGJBF
NN 20 - Input nodes, 17 - Hidden nodes and 1 - Output node
Number of inputs to a neuron was set to 4
SGJBF .
Learning rate h1 = 0.5 and h2 = 0.5
VAD Threshold value =-0.25, Threshold gain = 0.01, Buffer size = 2500

Figure 4.27 (a) shows the input signal from the first microphone; Figure 4.27 (b) and
Figure 4.27 (c) show the output signal from the NLMS and the NN based
beamformer. The input signal contains the spoken words “one, two, three, four, five”

and the interference signals are babble noise and factory noise.
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VAD O/P

(a) Input Signal Microphone 1|

Amplitude

(b) Output signal - NLMS based SGIBF |

Amplitude

200000 350000
Time (Samples)
(c) Output signal - NN based SGIBF |

Figure 4.27.  (a) Acquired Input Signal (b) Output Signal from the NLMS Based
SGJBF, and (c) Output Signal from the Neural SGJBF

Table 4.5 shows the SNR of the input and the output signals shown in Figure 4.27. It
shows that the NN based beamformer reduced the noise by about 4.48 dB more than
the traditional NLMS based beamformer.
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Table 4.5. SNR of the Input Signals and the Output Signal from the Three-
Microphone NLMS and NN Based SGJBF

Primary Input Signal 3.51dB
NLMS-SGJBF Output Signal | 7.73 dB

NN-SGJBF Output Signal | 12.21 dB

Figure 4.28 shows the comparison of MSE of the output signal of the NLMS and NN
based SGJBF.

NLMS
13- NN

)
i

Mean Square Error (dB)

|
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0 10000 20000 30000 40000 50000 60000
Time (Samples)

Figure 4.28.  Comparison of the MSE for the Three-Channel NLMS and NN Based

SGJBF’s Output Signals

This graph demonstrates that the NN converged more smoothly than the NLMS. In
addition, an informal listening test showed a great improvement in the NN based

beamformer output when compared to the NLMS based beamformer.
a) Four-Microphone Array System Experiments

This experimental setup is similar to the above experiment; the target speech signal is
generated directly in front of the microphones and the interference signals are

generated at an angle to the microphones. Figure 4.29 shows how the four
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microphones are positioned in a linear array. As illustrated, they are placed

approximately 10 cm apart.

_Four-Microphone Linear Array
) 30 cm -

Mic 1 Mic 2 Mic 3 Mic 4

Q=000

Figure 4.29.  Shows the Arrangement of the Linear Four-Microphone Array

10 cm
10 cm
10 cm

The input signal contains the speech signals and the interference signals. The babble
noise is positioned at approximately a 35 degree angle on the right and motor noise is
positioned at approximately a 60 degree angle on the left. Both noise sources are
equally spaced from the microphone. The input signal contains the spoken words
“one, two, three, four, five” and the interference signals are a babble noise and a
motor noise. All the interference signals used here are taken from the Noise-X

database.

The values of the variables are set the same as the ones in the three-microphone
experiment (refer to Table 4.4 for more details). The NLMS algorithm’s step-size
value has to be reduced to 0.2, to get a stable result. Initially, the NN structure was

trained with a small section of the interference signal (3000 samples).

Figure 4.30 (a) shows the input signal from the first microphone while Figure 4.30 (b)
and Figure 4.30 (c¢) show the output signal from the NLMS and the NN based

beamformer.
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Figure 4.30. (a) Acquired Input Signal and VAD Output (b) Output Signal from the
NLMS Based SGJBF (c) Output Signal from the NN Based SGIBF

Table 4.6 shows the SNR of the input and the output signals shown in Figure 4.30.
The NLMS based SGJIBF showed a SNR improvement of 3.55 dB and the NN based
SGJBF showed a SNR improvement of 10.09 dB. The NN based beamformer

showed an improvement of 6.54 dB over the NLMS based beamformer.
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Table 4.6. SNR of the Input Signals and the Output Signal from the Four-
Microphone NLMS and NN Based SGJBF

Primary Input Signal 0.30dB
NLMS-SGJBF Output Signal | 3.85 dB

NN-SGIBF Output Signal | 10.39 dB

Figure 4.31 shows the comparison of the MSE of the output signal of the NLMS and
NN. This graph demonstrates that the NN converged more smoothly than the NLMS

based beamformer.
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Figure 4.31.  Comparison of the MSE for the Four-Channel NLMS and NN Based
SGJBF’s Output Signals

This chapter introduced the new NN based adaptive filtering for the SGJBF and it
showed some promising results when compared to other filters. In the next chapter,
the proposed speech enhancement system is compared with the speech-controlled

system to evaluate the performance of the system.
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CHAPTER 5
Evaluation of a Speech-Controlled Instrument with the New Speech Enhancement
Algorithm

This chapter evaluates the performance of the speech enhancement algorithm
developed in the earlier chapters with a speech-controlled application. The target
speech-based application used here can be any device that can benefit from hands-free
control. This chapter will concentrate on a Vibration Monitoring System (VMS) as
the target instrumentation, in order to test the beamformer system developed for real-
world applications. The first section of this chapter gives a brief introduction to VMS
and its use in industry. Furthermore, this chapter will describe the product
implementation in the VB.net software. The later section evaluates the performance
of the hybrid beamformer algorithm with this target application under different

conditions.

5.1 Speech-Controlled Vibration Monitoring System

In industries, the condition of the rotating machine is monitored using the VMS. The
machine vibrations are usually measured using an accelerometer, and the results are
analysed to predict the performance and reliability of those machines. This system is
normally used as part of the industrial maintenance programme to prevent unexpected
system breakdowns, by predicting system failures before they occur. By using this
system, these industries achieve the following rewards: reduction in unnecessary
machine maintenance costs, lower costs due to production loss because the number of
unexpected failures is reduced, longer life of machinery because maintenance is

carried out regularly (Shikari, 2004).

Traditional VMSs are usually hand-held devices, which often require the user to hold
on to the transducer with one hand and control the data acquisition system with the
other. However, controlling this system becomes very difficult when both hands are
required to perform other tasks. In addition, this device is used in an unfriendly
factory environment, so controlling the system without using any hands would be a
great help for the user. Currently, there are not many VMSs that have hands-free
features. Therefore, this would be an attractive feature in any VMS. The basic idea is
not to replace the existing systems with full hands-free control but to improve the
system with a hands-free feature, so if the user is not able to use his/her hands at a

certain time, then he/she is able to use speech to control the system.
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5.2 Proposed Design of the System

The proposed design of the system is shown in Figure 5.1. Arrays of microphones are
used to acquire the noisy speech signal. This signal is then transferred to the
computer where the chosen speech enhancement algorithm is applied. The improved

speech signal is then used to control the speech-controlled VMS.

Acquire Noisy Speech N Flow of
Signal from the Acquired Signal
Microphones Voice Activity
T Detector Output
Speech P
Enhancement

Voice Activity
Detector
Beanl;—ilStteererlng o m e - — _: T/F
Switch to v
control the Inverter
weight update .
I E/T Improved
! : Speech-controlled
Y Y ; Speech Application
Addition and Adaptive Noise | i Signal pF.) .
. . > : = Vibration
Subtraction Section Canceller L
Monitoring System
................................................................................................. (VMS)

Figure 5.1. Design Layout of the Proposed System
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5.2.1 Hardware Configuration

The following hardware equipment’s are used here:

e Computer
— required to run the software and do the processing
Minimum requirement of Microsoft Windows XP SP3, Intel core2 Duo
processor with 2.99 GHz and 2.98 GB of RAM
¢ Omnidirectional microphones (ECM8000)
— used to acquire the speech signal
e Microphone Pre-amplifier
— used to add additional gain to the microphone signals
e Accelerometers (Shinkawa CA-301)
— used to measure motor’s vibration signal
Specifications:
o Sensitivity 100 mV/g
o Resonance frequency 30 kHz
o Frequency response 2-5,000 Hz
e Data acquisition board (DAQ card - NI USB-9233)
— Transfers the acquired vibration signal from accelerometer to the computer
Specifications:
o 4 Analog input channels
o 50kS/s max sampling rate per channel
o IEPE (Integrated Electronic Piezoelectric) signal conditioning for

accelerometers.

Figure 5.2 shows the setup of the hardware equipment used in this thesis. The setup
can be divided into two main sections: the first section is the speech enhancement
system, and the other section is the speech-controlled application. Speech-controlled
VMS is the target application here, but this could be replaced with any other

application that requires speech enhancement.
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Hardware used for Speech enhancement
Speech
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Vibration »| Accelerometers »| Instruments -
Signal DAQ card

Figure 5.2. Hardware Setup of a Distant Talking Speech-Controlled VMS

Microphones are placed next to each other in a linear array facing the speaker. An
external microphone preamplifier is used to add additional gain to the microphone
signals. The acquired speech signal is then transferred to the computer via the pre-
amplifier (through a line in the input of the sound card) for noise reduction. A neural
based beamformer algorithm (explained in Chapter 3) is used here to reduce the
background noise. Then the improved speech signal is used to control the speech-
controlled VMS. The VMS uses a DAQ card to acquire the motor’s vibration signal
from an accelerometer. This acquired vibration signal is used in the software program

to calculate frequency content and to predict the condition of the machine.

5.2.2 Software Implementation

The main idea is to use speech to control this system, which will allow the users
hands-free to do other tasks. In order to understand the speech commands, a speech
recognition system is required to convert the speech signals into words. There is a
large selection of software development kits (SDK) for developing speech recognition
applications that is available in the market. Some examples of speech recognition
software include: Dragon Naturally Speaking, Microsoft Speech SDK, Phillips
Speech SDK, and Sensory's FluentSoft SDK, to name a few. Speech recognition
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software that is speaker independent and available at low cost is required here. Since
Microsoft Speech SDK does not require any training and is freely available, it is
selected here. However, any of this software could be used instead; the choice

depends on the personal preference and availability.

Figure 5.3 shows an overview of the software implementation. There are two main
parts to this speech-controlled VMS: one is the speech recognition of the spoken
command, and the other is the vibration analysis section. The speech enhancement
system proposed in Chapter 3 is used as a pre-processing unit to this system.
Microsoft Speech SDK toolkit is used with the VB.net software to do the speech
recognition. The signal acquisition and analysis section of the VMS is carried out in
Labview software. The programs developed in the Labview software are created as
Direct Link Library (DLL) files, and they are called from the VB.net software. The
acquired noisy speech signal is processed in the speech enhancement system, to
enhance the speech signal. This signal is then passed to the speech recognition
system, to identify the commands spoken. This command is then used in the VMS to

process the required action.

Speech-controlled
vibration monitoring
system in VB.net software

Speech and Enhanced —
. Speech enhancement Speech recognition
noise signal . speech o .
system developed in - onal » using Microsoft SDK
Labview software sigha toolkit in VB.net
v
Vibration analysis in
Vibration .| VB.net using the DLL
onal files created in
sigha Labview software

Figure 5.3. Overview of the Software Implementation

The speech-controlled vibration monitoring system was developed using the VB.net

software and Figure 5.4 shows the front panel of the developed program.
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3 Speech Controlled Vibration Monitoring System =1

Speech Controlled Instrumentation
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"Start Analyse"
"Present Result"

Open File "Exit - Yes / No"
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Analyse

Flease Press “Acquire” or say 2 valid command
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Figure 5.4. Speech-Controlled Vibration Monitoring System

A limited grammar file is used for this software as this will increase the accuracy of
the system and allow multiple users to use the system without training. An example
of a grammar file used here is shown in Figure 5.5. This system allows the following
speech commands to control the system: “start acquire”, “open file”, “start analyse”
and “present result”. This program is capable of recognising just a few simple
commands as it was only developed to verify the performance of the speech
enhancement system. These commands can be easily modified or extended as

required by the user of the application.

[ aramprog. x
€ - C A qf =
v < GRAMMAR: -~
v<RUOLE ID="1" Name="nuwber"™ TOPLEVEL="ACTIVE":
wv<L PROPNAME="number":
<P WALSTRE="S3tart Acquire":>Start Aecquire</P>
<P VWALSTR="Cpen f£ile":>Open file</P>
<P VWALSTRE="3tart Analyse":>Start Analyse</ /P>
<P VWALSTRE="Present result">Present result</P>
</ L
</RULE> =
</ GRAMMAR> v
—

Figure 5.5. Example of a Grammar File used with the Speech Recognition System
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In order to start using this system, the user has the option of either using the “start
acquire” command or the “open file” command. The “start acquire” command
records real-time vibration data to a file and displays it in a separate window.
Labview implementation of the acquisition function is shown in Figure 5.6. The
DAQmx functions in the Labview software are used to acquire the signal from the

DAQ card. This Labview program is created as a DLL and is called in the VB.net

software platform.

File Edit Yiew Project Operate Tools Window Help {El
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Figure 5.6. Labview Implementation of the Data Acquisition of the Vibration Signal

An example of the “start acquire” command GUI window is shown in Figure 5.7.
This window allows the user to choose the number of channels (ai0 to ai3), sample
size, sample rate and the mode of measurement. The user has the choice of measuring
in “accelerometer” or “voltage”. There is an option to save the acquired data in a file,
to be analysed at a later time. The “open file” command can be used at a later time, to

open an existing file recorded earlier, using this program.

1 acquire.vi
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Figure 5.7. Start Acquire Command

The “start analyse” command applies a power spectrum to the original data and
presents the results in a separate window. An example of the analysis program
created in the Labview software is shown in Figure 5.8. This function uses the power
spectrum to analyse the signal, but it can be modified with any vibration analysis

technique that is required by the user.
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Figure 5.8. Labview Implementation of the Analyse Command

The “present result” command can be used to show the original measured data and

analysed data. An example of a GUI window of this command is shown in Figure

5.9.
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Figure 5.9. Present Result Command

The software program developed here shows the feasibility of the speech-controlled

idea, but it can be improved later with other features, as necessary for this application.
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As the vibration analysis area is not the main focus of this research, the current
functions in the system are enough to evaluate the performance of the beamformer

algorithm.

5.3 Evaluation of this System in a Noisy Environment

This section will evaluate the performance of the speech enhancement system with the
speech-controlled VMS.  Several experiments are carried out in real-world
surroundings, to test the performance of this speech-controlled VMS under different
noisy conditions, and also to test if using the beamformer algorithm helps to improve
the performance. This system is tested using two speech enhancement algorithms;

they are traditional NLMS based SGJBF and the neural SGJBF algorithm.

A similar setup to that in Figure 4.9 in Chapter 4 is used here. The speech signal is
positioned directly in front of the two microphones. The microphones are positioned
in a linear array on the table, which will allow the user to move freely and use the
system. The background noise is played through a speaker at about a 30 degree angle
to the speech signal. This arrangement simulates a factory environment for this
experiment. The background noises used to test the system are factory noise and

white noise (from the “Noise-X" database).

Several experiments are conducted to test the performance of the speech enhancement
system proposed in Chapter 3, with the speech-controlled VMS introduced here.
Figure 5.10 shows an example of the input signal and output signal from the Neural
SGIJBF and the traditional NLMS based SGJBF. The input signal contains the speech
command “open File” and the “factory noise” in the background. Figure 5.10 (a)
shows the input primary signals and Figure 5.10 (b) shows the input reference signals.
The output result from the VAD function is also shown in Figure 5.10 (a). Figure
5.10 (c) shows the output signal from the NLMS based SGJBF and Figure 5.10 (d)
shows the output signal from the NN based SGJBF.
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Figure 5.10.  Input and Output Signal from the Factory Noise Interference

Experiment

Table 5.1 shows the SNR of the input and the output signals shown in Figure 5.10. It

shows that the NN based beamformer reduced the noise by about 8.6 dB more than

the traditional NLMS based beamformer.

Table 5.1. SNR of the Input Signals and the Output Signal from the NLMS and NN

Based SGJBF

SNR (dB)
Primary Input Signal 10.30
Reference Input Signal 10.40
NLMS-SGJBF Output Signal | 19.63
NN-SGJBF Output Signal 28.23
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This input and output signal are tested with the speech-controlled VMS to show the
performance of the system. The success of the speech recognition system was

measured using the Speech Recognition Hit Rate (SRHR) and it is calculated by:

SRHR = Number of accurately recognised commands

5-1
Total number of commands given -1

The output signals are not tested using a formal listening test, as this is irrelevant to
the current study. The main aim is only to improve the performance of the speech
recognition system; therefore it is not necessary for the output signal to sound better

to the human ear.

Table 5.2 shows the comparison of the input and output signal from the NLMS and
NN based SGJBF for different commands under the factory noise signal. It is evident
from the results that both beamformers improve the performance of the speech-
controlled system. However, the NN based beamformer out-performs the traditional
NLMS based beamformer by an average of about 6 dB. Almost perfect recognition is
achieved with the NN based beamformer output signal. In some cases, the NLMS
beamformer also achieves good recognition rate. Even with a SNR of about 15 dB

the speech recognition program achieves a reasonably good performance.
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Table 5.2.

Evaluation of the Speech-Controlled VMS with the Speech Enhancement

System in Factory Noise Environment

Speech Recognition Hit

Input SNR (dB) | Output SNR (dB) Rate

Input ianal

Signal Output Signa

Factory Noise | Primary | Reference | NLMS NN | Primary | NLMS | NN
Open File 10.3 10.4 19.63 28.23 40% 95% | 100%
Present Result | 5.55 5.95 1415 | 2284 | 3% | 40% | 90%
Start Acquire 6.08 7.15 15.19 19.79 20% 60% | 100%
Start Analyse 7.95 8.32 14.96 21.52 35% 90% | 100%

Table 5.3 shows the comparison of the input and output signal from the NLMS and

NN based SGJBF for different commands under the white noise signal.

The

performance of the speech-controlled system under white noise is much better than

under factory noise.

Table 5.3. Evaluation of the Speech-Controlled VMS with the Speech Enhancement
System in White Noise Environment
Speech Recognition Hit
Input SNR (dB) | Output SNR (dB) Rate
Input Output Signal
Signal put 1g

White Noise | Primary | Reference | NLMS NN | Primary | NLMS | NN
Open File 15.7 16.7 26.73 32 80% 100% | 100%
Present Result | 10.2 11.9 18.16 | 2428 | 10% | 30% | 70%
Start Acquire 12.5 13.3 20.02 25.51 60% 85% | 95%
Start Analyse 14.3 16.3 20.76 25.65 70% 95% | 100%
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This result shows that when there is non-stationary background noise the NN based
beamformer performs much better than the NLMS based beamformer. It also shows
that using a speech enhancement algorithm significantly improves the performance of
the speech recognition system. Occasionally, there are problems with some
commands being recognised incorrectly, which is due to low SNR. The SRHR of the
“present result” is bit low compared to the other commands; this was possibly due to
the clarity of the voice and incorrect pronunciation of the words. It is found in the
experiments that using a predefined grammar file increases the speech recognition hit

rate.
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The goal of this thesis was to improve the current performance of the speech
recognition system in a noisy environment by developing and applying a new neural
network (NN) based noise reduction algorithm. Another goal was to apply the new

algorithm to an industrial environment and measure the performance.

6.1 Conclusions

A speech enhancement algorithm is an essential component in improving the
performance of the speech recognition system in an adverse acoustic environment.
This thesis has presented a new multi-microphone speech enhancement system based
on NN. A new method for noise reduction based on a non-linear NN based adaptive
filter was developed and applied here. The proposed neural adaptive filter algorithm
was used as part of the noise cancellation section in the SGJBF structure. This hybrid
method of using a neural adaptive filter with this beamformer structure for speech

enhancement has not been used before, to the author’s knowledge.

The novel neural SGJBF algorithm consisted of three main sections: beam-steering
section, noise cancelling section and voice activity detector section. The beam-
steering filter used a NLMS algorithm to align the microphone signals. This filter
was only updated during the presence of a speech signal. The adaptive noise
cancelling filter used a novel non-linear IDNN based adaptive filter algorithm to
reduce the background noise. This filter was only updated during the noise-alone
signal. The error back-propagation algorithm was used here as the learning algorithm
to train the NN filters. As it is a slow gradient algorithm, a momentum term was

added with the new weight calculation to improve the performance.

A VAD based on variance of the input signal was used to differentiate between
“speech and noise” signal and “noise-alone” signal. An improved version of the
automatic variance estimator was introduced in this thesis. It used a moving average
technique to avoid the start and end of the signal from being cut off. The output of

this VAD function was used to control the updates of the beam-steering and noise
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cancelling sections. Only one of these sections was updated at any given time. The

proposed algorithm was implemented in Labview software.

The neural adaptive filter with a fully connected and partially connected three-layer
IDNN was developed here for noise reduction. Several other adaptive filters such as
LMS, NLMS, APA and Volterra Filters were implemented in the Labview software,
in order to compare the neural adaptive filter with these methods. The rate of
convergence of these methods was analysed with different simulation setups. The
LMS algorithm struggled to function efficiently under a high eigenvalue spread of the

input signal.

A comparison of the NLMS based SGJBF and Neural SGJBF was carried out with
real-world recordings. A partially connected network structure was chosen for rapid
real-time processing. The proposed neural SGJBF algorithm showed promising noise
reduction improvement over the previous NLMS based SGJBF structure. However,
the performance of the NN greatly depends on several variables, such as the amount
of training given and the size of the NN structure. Improving the dual microphone
structure to three and four microphones gave the option of reducing more noise
sources. The results showed that the number of noise sources that are being
minimised has to be less than the number of microphones. As a result, a much higher

noise reduction was achieved using more than two microphones.

This thesis also introduced a computer based speech-controlled vibration monitoring
system. The main focus was to allow the users to keep their hands free to complete
other tasks while using the system for measurement. This system was developed
using the VB.net software. The data acquisition of the vibration signals and the
processing was done using Labview software. The speech recognition feature was
implemented using the Microsoft Speech SDK toolkit. The main commands used to
control the system were: “start acquire”, “open file”, “start analyse” and “present

results”. Currently, there is no VMS that has a hands-free feature. Therefore, this

will be a great advantage to this type of instrumentation.
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The output signals from the beamformer were tested with the speech-controlled
system to analyse their performance. It was proven that using the NN based
beamformer with the speech recognition system notably improved the recognition rate
of the system. This shows that the user of this system can benefit greatly by using the
speech enhancement system, with the speech-controlled system. The speech
enhancement system allows the user to operate the system in a noisy environment,

while keeping their hands free to do other tasks.

6.2 Suggestions for Future Work

The thesis investigates the application of IDNN architecture to the adaptive noise
cancelling structure. It concentrates on the single hidden layer NN structure, as it was
enough to approximate our target noisy environment. However, future work can
expand this study by adding another hidden layer to the current system and analysing
the performance of the system. It will be interesting to see if an extra hidden layer
will improve the noise reduction performance and whether it is worth the extra
computational cost. The NN filter uses the error back-propagation algorithm to train
the structure. This algorithm is considered as a gradient based algorithm, and it has a
slower convergence rate. If this is a problem for real-time processing, a faster training
algorithm can be used to improve the learning rate. A more sophisticated method like

the fast back-propagation algorithms could be used to improve the current structure.

Currently developed speech-controlled VMS only has a few commands to control the
system. This system was developed as a prototype to show the feasibility of the
study. However, it can be extended to include more functions that are useful in
condition monitoring; for example a balancing calculator can also be included with
this system. The speech-controlled VMS was mainly tested with a single speaker,
with different noisy backgrounds. The results confirm the possibility of using this
speech-controlled system in a simulated real-world environment. However, there was
not enough time to test this system in a real-world industrial environment. Therefore
a more thorough study, using this system in industry, will provide a more significant

contribution to this area.
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Abstract - Speech controlled applications are now becoming
more and more practical due to advances in technology. These
applications vary from command and control instruments, video
conferencing to robotics. However, their performance decreases
when the acquired speech signmal is corrupted by background
noise. Numerous research has been done in the last two decades
to improve their performance. The switched Griffiths-Jim
beamformer is one of the well known methods used to reduce
background noise (or interference). This algorithm makes use of
two adaptive filters and a voice activity detector. The first filter
is used as a beam-steering filter which is updated during speech
signals and the second filter is used as a noise cancellation filter
which is updated during a noise-alone signal. A voice activity
detector is used to control the updates of these adaptive filters.
Generally, the normalised least mean squares (NLMS) algorithm
is used for the adaptive filters. However, it is found that the
convergence rate of the NLMS deteriorates for coloured noise
under certain non-stationary conditions where the correlation
matrix is “stiff’. It has been found that the affine projection
algorithm will perform better under these conditions. Therefore,
a comparison of these two adaptive filters in this beamformer
structure will be discussed in this paper.

I INTRODUCTION

In recent years, speech recognition in noisy environments
has received a considerable amount of attention due fto
increased demand for speech based applications [1, 2]. These
applications vary from dictation based systems to conumand-
and-control systems. In order for the speech recogniser to
perform well. they require a high signal to noise ratio
(typically around 20dB). However, in some situations
background noise cannot be controlled by the user. Therefore.
the accuracy of the speech recognition system needs to be
improved by reducing the background noise.

The adaptive noise cancelling method was first introduced
m the 1970s to estimate the speech signal corrupted by the
background noise [3]. Fig. 1 shows the basic structure of the
adaptive noise canceller. As shown in the figure. the first
microphone is positioned near the noise source and the second
microphone is positioned so that it can pickup the desired
speech signal and the noise signal. The basic idea behind it is
to use an adaptive filter to suppress the noise components
whilst leaving the desired speech signal unchanged. In order
for the noise cancellation to work efficiently this algorithm
requires the noise signal in both microphones to be coherent.
However, it is very difficult to achieve that while keeping the
reference signal speech-free. The onset of this is that the filter
could very well cancel desired speech as well as the noise.

© 2008 ISBN: 978-0-473-135324
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Figure 1. Adaptive noise canceller

To overcome this problem Griffith-Jim proposed a new and
improved version of this method in the 1980°s [4]. Fig. 2
shows the basic structure of a two microphone Griffiths-Jim
beamformer (though more microphones can be used with this
structure). The assumption is made that the speech signal is
straight ahead. or else a beam-steering algorithm can be used
to steer towards the speaker in the so-called “look™ direction.
A preprocessor to add and subtract the microphone signals is
used to obtain the speech-free reference signal.

Speech + Noise

Adaptive Filter

Two-Microphene Gnffiths-Jim beamformer

+7 7 Speech
D)

Noise

Figure 2.

This algorithm works well as long as the target signal
arriving at the two microphones are time-aligned. However.
this algorithm is prone to target signal cancellation in the
presence of steering vector errors. This error can be caused by
errors in  microphone  positions, microphone  gains,
reverberations, and target direction. This problem was noticed
by some researchers and new improved algorithms have been
proposed in an attempt to solve it.

In particular, Van Compernolle proposed a new speech
beamformer called switched Griffiths-Jim beamformer in
1990 to solve this problem raised here [5]. He showed that
signal cancellation can be reduced somewhat by adapting the
noise canceller filter parameters only during the noise-alone
regions (thus when no speech is present in the received
signals). Fig. 3 shows the basic structure of the two
microphone switched Griffiths-Jim beamformer. This
algorithm uses two adaptive filters and a voice activity
detector. These will be explained in the later sections.

Speech signal

Figure 3. Two-Microphone Switched Griffiths-Jim beamformer
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II. ADAPTIVE FILTER

This beamformer algorithm uses two adaptive filters. The
first filter is used as a beam-steering filter and is used to obtain
an optimal phase alignment between the input speech signals.
This filter creates an adaptive look direction and cues in on the
desired speech. Therefore. it is only updated during speech
signals. The second filter is used as a noise cancellation filter
and it is updated during noise-alone signals. A speech
detector algorithm is used to control the updates of these
adaptive filters.

A normalised least mean squares (NLMS) algorithm is most
commonly used adaptive filter with this beamformer structure
due to its simplicity. This algorithm is summarised as [6]:

e(n)=d(n)—x(n)T win-1) (1)

Wn)=wn 7l)+u;(n][;(njr;a‘(n)+'(} @)
where d(n) is the desired signal, x(n) is the wvector of
regressors, e(n) is the error signal. w(n) is the estimated tap-
weight vector and p is the set-size. Also. — denotes vector
signal. The gamma (v) value is a small positive constant
introduced to prevent division by zero (this is generally
chosen as 0.0001).

The convergence speed of the NLMS is known to
deteriorate under certain coloured noise conditions [7]. The
beam-steering filter is not necessary to track all the head
movements. so NLMS will be an appropriate choice.
However. the noise canceller requires an adaptive filter with
the faster convergence rate as it needs to reduce the
background noise quickly.

To overcome the problems with NLMS. Ozeki and Umeda
proposed a new method called affine projection in 1984 [8].
The atfine projection algorithm (APA) is summarised from
reference [9] as:

d(n) “x(n)
Tigo=| TR o S [ 3)
d(n —-P+I) J.'(r-':—N+l)
Xp =(x(n)x(n—1)---x(n—P+1) @)
e(m)=dp(n)— Xp(n) win—1) ()
() =W —1)+ WX p ()] Xp(m)” Xpw)w}_l o(n) 6)

where the subscript T denotes transpose. I denotes the identity
matrix. P is the projection order. NV is the number of filter
weights, and & is the regularisation parameter. Also. Xp is

the P by N excitation matrix. dp(n)is a vector of desired
signal. and e(n) is a vector of error signals.

Generally. the projection order is selected to be less than the
filter weights (P<N). If P=1. this algorithm is equivalent to
the NLMS algorithm and if P=N it 1s equivalent to the
windowed recursive least squares (RLS) algorithm [10]. The
APAs computational complexity and convergence rate is

considered to be in-between the NLMS and the RLS
algorithms. Due to the high computational complexity of the
RLS it is not used widely for real-time applications though
low-order APA is more appropriate for real-time
implementation. Comparison of NLMS and APA has been
carried out by many researchers and APA is found to perform
better under certain conditions [11. 12].

Often APA is used for echo cancellation [13] and system
identification [12] applications. Recently. a faster version of
APA has been used with linear constrained mininnun variance
beamformer structure by [10] to improve the convergence
rate. A comparison analysis of the NLMS and APA adaptive
filters with the switched Griffith-Jim beamformer is presented
here.

ITI. VOICE ACTIVITY DETECTOR

A voice activity detector (VAD) is used to distinguish
between “speech and noise™ signals and *“noise-alone™ signals.
It is used to control the updates of the adaptive filter. Voice
activity detection algorithms mainly fall into two main
categories, The first category uses the direction of the
received signal as the main criterion to differentiate between
speech and background noise. The second category uses the
statistics of the received signal to distinguish between speech
and background noise. Some existing methods of VAD
algorithms use energy distribution. timing, pitch. zero crossing
rates. cepstral features. spectral information. and periodicity
measures.

This paper will concentrate on a direction based method
proposed by [14]. This method assumes that the position of
the user is within a predefined area (invisible viewing zone)
facing the microphone systems. The speech signal is expected
to be present inside this invisible viewing zone and any signal
origimating outside of this zone is considered background
interference. If the user happens to be outside this predefined
area. they could easily move themselves in to this area to use
the microphone system. These types of methods restrict the
user to stay within this zone of activity where the speech is
expected to be.

IV. SPEECH CONTROLLED VIBRATION MONITORING SYSTEM

A vibration monitoring system is used as our target
application for this paper. Vibration monitoring systems are
used in industrial maintenance programs to monitor the
condition of rotating machinery. In recent years. this
technique has become a critical component of the routine
monitoring program. Machine vibration is usually measured
using an accelerometer and the result 1s analysed to predict the
machines performance and reliability. Most unexpected
system breakdowns are prevented by this. As a result, this
saves money and time for industry.

Vibration monitoring systems are usually handheld devices.
This often requires the user to hold the transducer with one
hand while controlling the device with the other hand.
However. this becomes difficult when the users hands are
required to do other tasks. for instance holding on to a ladder
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while taking the measurement. Therefore. hands-free control
of this system would be a great assistance to the user. At
present, there aren’t many devices that use hands-free features
so this would be an attractive feature in this system. However.,
our challenge will be to make this instrument work in a
difficult noisy environment.
V. SIMULATION
A computer based speech controlled vibration monitoring
system was created in Visual Basic and Labview software.
This program uses the Microsoft speech recognition engine to
translate from a speech signal to valid commands. Fig. 4
shows the front panel of this program. This program uses a
National Instruments DAQ card (NI-9233) to acquire the
vibration signal from an accelerometer.

I Speech Contralled Vibration Manitoring System

=X |
Speech Controlled Instrumentation

Valid Commands: "Start Acquire”
"Open Fil"
"Start Analyse”
"Praszant Result"
"Exit-Yes [ No"

Voice  [Copcial Diane ks

Please Press "Acquire’ or say a vald carmmand

Exit

Pause

Figure 4. Speech controlled vibration monitoring system

This system allows the following speech commands: “*Start
acquire”, “Open file”, “Start analyse™ and “‘Present result”.
The “Start acquire™ command records real time vibration data
to a file and displays it in a separate window (Example shown
m Fig. 5). Otherwise. the “Open file” command can be used
to open an existing file recorded earlier using this program.
The “Start analyse™ command applies a power spectrum to the
original data and presents the results in a separate window.
The “Present result” command shows the original data and
analysed data as shown in Fig. 6.
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Expertment 1:

The switched Griffiths-Jim beamformer structure shown in
Fig. 3 is simulated in the Labview software. The input speech
signal (file named “kit 001.wav”) is used from the “Timit”
speech database. Two versions of this beamformer structure is
implemented here, one with the APA and another with the
NLMS as the noise cancelling filter. The white noise is
simulated in the software program and mixed with the speech
signal. Since the input signal for this experiment is simulated.
the beam-steering filter is not essential.

The primary and reference noise signals are simulated with
the transfer function of H1 and H2. respectively. The transfer
function of the adaptive noise cancelling filter should
converge to (Hl1+H2)/(H1-H2) provided (H1-H2) has all

its root within the unit circle (actually. it is the FIR series
expansion of this transfer function. but for (H1-H2) with

roots outside the unit circle another solution exists [15]). For
this experiment, H1 is set to 2-0.195z'4+0.9577 and H2 is set
to 1. According to [7]. this transfer function gives an
eigenvalue spread of 1.22 for the correlation matrix.

For this simulation, the step-size parameter p is set to 0.5
and the number of filter weight N is set to 100 (these values
are kept the same for NLMS and APA).  Also. the
regularisation parameter & is set to 0.1 and the projection order
P is set to 10 (these values are used for APA). The signal-to-
noise (SNR) ratio in this paper is calculated by:

An example of the input primary signal to the switched
Griffiths-Jim beamformer (with the SNR of 0dB) is shown in
Fig. 7 (a). The simulation results from the NLMS and the
APA based beamformer are shown in Fig. 7 (b)-(c). The APA
and NLMS based beamformer has an output SNR of 23.79dB
and 15.69dB. The output signal from the APA based
beamformer clearly shows that it reduces more noise than the
NLMS based beamformer.
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SNR =10log)y| ————=
Power( Noise)
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£ 05k
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Figure 7. Result from the Switched Gniffiths-Jim Beamformer
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Figure 8. Learning curves of APA and NLMS (eigenvalue spread 1.22)

The mean-square error (MSE) of the noise-alone output
signal for the APA and the NLMS is shown i Fig. 8 (it is also
known as the “learning curve” in the literature). The APA
converged to zero after about 10,000 samples and NLMS is
slowly converging to zero after about 65.000 samples. It 1s
evident that APA converged faster than the NLMS algorithm
by an order of magnitude and that its minimum MSE is
significantly smaller. Fig. 9 shows the comparison analysis of
the input SNR vs. the output SNR for the switched Griffiths-
Jim beamformer with NLMS and APA. It can be seen from
the graph that the overall performance of the APA is better
than the NLMS algorithm. Also. APA reduced more noise at
low SNRs where it matters most. This is quite important as
this 1s where the speech recognition engine will fail to work.
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Figure 9. SNR Input vs. Output for the eigenvalue spread of 1.22.

Experiment 2:

A similar set up to experiment one is given here. However
for this simulation, H1 is set to 2-1.911424+0.95z7 and H2 is
set to 1. This transfer function gives a high eigenvalue spread
of 100 for the correlation matrix. Under these conditions the
NLMS or LMS has trouble converging. This is because, the
correlation matrix has a large condition number (ratio of
maximum to minimum eigenvalue) so when forming the least-
squares solution it is numerically more difficult to invert [7].

Fig. 10 shows the comparison analysis of input SNR vs.
output SNR for the switched Griffiths-Jim beamformer with
NLMS and APA (6 =0.1). Both of these adaptive filters have
difficulty reducing the noise when compared with the previous
experiment. However, at low SNR the APA still performs
better than the NLMS.
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Figure 10. SNR Input vs. Qutput for the eigenvalue spread of 100.

The MSE of the noise-alone output signal for the RLS, the
APA and the NLMS is shown in Fig. 11. In this experiment,
RLS converged to zero after 5.000 samples and APA
converged after 35.000 samples. As expected, the NLMS is
struggling to converge to zero and also it is converging
mcorrectly to 0.002. The APA converged slightly slower than
the previous experiment but still performed better than the
NLMS. The RLS algorithm is estimating a FIR filter here, but
it can be used to it is full advantage by estimating a pole-zero
model.

S
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Figure 11.  Learning curves of RLS, APA & NLMS (eigenvalue spread 100)

Another simulation is done to show the effect of the
regularisation parameter & on the APA. The regularisation
parameter 6 is changed to 0.001 and the rest of the values are
left unchanged. Fig. 10 shows the comparison of APA with
the & of 0.1 and 0.001. By choosing a smaller regularisation
parameter the APA’s performance was improved. The MSE
of the noise-alone output signal for the APA and the NLMS is
shown in Fig. 12. As you can see from the graph. the APA
algorithm still performs better under high eigenvalue spread
condition whereas the NLMS performance deteriorates. By
comparing these two graphs it is clear that APA can perform

better when the initial parameters are chosen correctly.
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Experiment 3:

This experiment is designed to test the effect of using the
proposed beamformer algorithm with the speech controlled
vibration monitoring system under a noisy environment. The
speech signal is directly in-front of the two microphones. The
background noise is from the “NOISEX™" database named
“Factory floor noise 1”. The background noise was played
through a speaker at about 30 degree angle to the speech
signal. As the recording was performed in real-time the
transfer functions are unknown. Here we use the term “real-
time™ loosely. in that there is some processing delay before the
output is heard.

Two versions of the switched Griffiths-Jim beamformer
structure is implemented here, one with the APA and another
with the NLMS as the noise cancelling filter. The NLMS
adaptive filter is used as the beam-steering filter for both of
these beamformers. For this filter. p is set to 0.9 and V is set
to 100. For the noise cancelling filter p 1s set to 0.9 and V 1s
set to 500 (for the NLMS and APA algorithms). Also. the
regularisation parameter & is set to 0.001 and the projection
order P is set to 20 (for APA).

Fig. 13 (a) shows an example mput primary signal with the
command “Open File” and the factory noise (input SNR is
9.54dB). Fig. 13 (b) shows the output signal from the NLMS
based beamformer with the SNR of 20.8dB. Fig. 13 (c¢) shows
the output signal from the APA based beamformer with the
SNR of 24.36dB. This shows that APA reduced the noise
about 3.56dB more than the NLMS based beamformer. This
result is similar to the simulation done in experiment one.

(a} Primary Signal

o [5] 1 15 [ 15 3 En ] I

() NLMS Cutput Signal

Amplitude

(¢} APA Qutput Signal XY

. L L
[5 1 15 H 25 1 5 ] [H
Samples it

Figure 13. Results from real-time Switched Griffiths-Jum beamformer

The MSE of the noise-alone period from the APA and the
NLMS output signal is shown in Fig. 14. This convergence
graph is not smooth as the results from the simulations. The
reason for this is because the noise signal is continually
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changing as compared with the simulations. As a result. this
adaptive algorithm keeps adapting to the changes to reduce the
background noise. However. it is evident that APA converged
faster than the NLMS algorithm.
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Figure 14. Convergence rate of APA and NLMS (experiment 3)

This results were tested with two different speech
controlled vibration monitoring systems: one with defined
grammar and another with unlimited grammar. The system
with the unlimited grammar file could not recognise any word
from the input primary signal or the output signals from both
of the beamformers. Alternatively. the system with the
defined grammar had 50% recognition with the input primary
signal. Also. prefect recognition was achieved with the output
signal from both of the beamformers. Since. both of the
adaptive filters improved the SNR above 20dB as a result they
both performed well with the speech recogniser.

VI. CONCLUSION

This paper describes a speech controlled vibration
monitoring  system  using the switched Griffiths-Jim
beamformer. This system 1s tested with different levels of
SNR. The experimental results show the APA based
beamformer reduced the background noise by about 20 dB (in
some cases). This is twice the amount of noise reduced by the
NLMS based beamformer. These simulations were carefully
designed to include examples where the acoustic transfer
function identification, resulted in a least-squares problem
where the condition number of the correlation matrix is large
(hence its inverse is munerically difficult to find).

The real-world experiment also proved that APA gave an
improved SNR when applied to the switched Griffiths-Jim
beamformer structure than that of the NLMS algorithm. This
experiment also shows that using a defined grammar for the
speech recognition program improves the recognition rate. It
is also proven that using the beamformer with the speech
recognition system improves the recognition rate of the system.
According to the simulations. at low input SNRs the APA still
performed better than NLMS.
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ABSTRACT

This paper presenis a special nonlinear switched
Griffiths-Jim beamformer (SGJBF) structure. The main
abjective of this paper is to reduce the background noise
from an acquired speech signal. The interference we
considered here is non-stationary in nature and can
arrive from a variety of potential sources; for example,
competing talkers, radio, TV and so on. In this paper, we
propose an adaptive Time Delay Neural Netwark (TDNN)
based nonlinear noise canceller. The proposed structure
comsists of a three-laver feedforward network with
partially  connected layers to achieve real-time
processing. The ermor backpropagation learning
algorithm is used here to train the TONN. This system is
tested with different types of interference signals from the
Noise-X database. A comparison andysis of the
proposed structure and the traditional linear adaptive
beamformer is presented here. The nonlinear approach
investigated here show remarkable improvements over
the previous linear based beamforming approach.

Indexing terms — adaptive filter, generalized sidelobe
canceller, multilayer perceptron, noise cancellation

1. INTRODUCTION

Acquiring a noise-free speech signal in an adwverse
acoustic environment has created great difficulties for
many speech related applications. Hands-free telephony,
hearing aids, wvideo or teleconferencing, speaker
identification and speech-controlled devices are some
applications that require clean speech to function
efficiently. In the past few decades, various algorithms
have emerged aimed at reducing the background noise
from the acquired signal. These algorithms can vary
from single to multi-microphone methods. However, the
underlying idea behind most popular algorithms is to use
an adaptive filter to reduce the interference signal
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Early work on noise reduction can be referred to
Widrow and his colleagues for developing the adaptive
noise cancelling structure in the 70°s [1]. This structure
is used largely for applications where the speech signal is
isolated from the reference signal and noise signals are
correlated in both channel. However, this traditional
structure is unsuitable for many applications due to the
difficulties in acquiring such a speech-free reference
signal.

This problem has been identified by many
researchers. In particular, Griffiths and Jim developed a
microphone array beamformer algorithm where the signal
is added and subtracted to give a new primary and a
reference signal [2]. The two-microphone structure of
this beamformer is shown in Figure 1. The main
drawback with this method is that it requires the speech
signal arriving at the microphones to be phase-aligned.
Van Compernolle improved this structure by introducing
another adaptive filter to align the speech signals and
control the updates of these adaptive filters by using a
voice activity detector (VAD) [3]. The two-microphone
switched Griffiths-Jim beamformer (SGJBF) structure is
shown in Figure 2.

This beamformer structure has two sections: a beam-
steering section and a noise canceller section. The
purpose of the beam-steering section is to obtain a phase
alignment between the input signals. The noise canceller
section is used to reduce the unwanted background noise.
The first section is only updated during “speech and noise
period” and the second section is updated during a “noise
alone” period. By controlling the update of the first
section we can avoid the beam from steering to the noise
source and by controlling the update of the second
section, speech cancellation can be avoided while noise
reduction can be minimized.
Speech + Noise

Signal 1

Speech signal

Figure 1. Two-channel GIBF.
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Figure 2. Two-channel switched GIBF.

A VAD is used here to distinguish between the
“speech and noise”™ period and “noise alone” period
Clearly, this is a disadvantage of this kind of approach
over other so-called unsupervised adaptive filtering
approaches using say Independent Component Analysis
(ICA) [4]. However, it is balanced by the need for a
system that can potentially work in real-time.

Generally, a linear adaptive filter is used for the
beam-steering and the noise cancelling sections. This
area of research is exhaustive due to the ease of
implementation with today’s processing power and it has
even been implemented in hearing aids [5]. The idea of
using a nonlinear adaptive filter was first introduced by
Gabor in 1954 with Volterra series [6]. In recent years,
many researchers have proven that using a nonlinear
adaptive filter for noise cancellation produces better
results than the conventional linear adaptive filters. Asa
result, there has been a broad interest in this area.
Volterra filters, extended Kalman filters and neural filters
are few examples of nonlinear adaptive filters. Amongst
the existing filters, this paper concentrates on a neural
network (NN) based adaptive noise canceller (ANC) that
is both beneficial and practical to implement.

An introduction to the NN area can be found in the
following references [7, 8] In recent times, neural
networks have been successfully used for a range of
applications such as system identification, pattern
recognition, image processing, speech recognition and
adaptive beamformer for antenna array applications [9].
Early work on NN can be referred to McCulloch and Pitts
in the early 40s [10]. Speech enhancement using NN has
been a new area for NN researchers [11, 12].

Tamura and Waibel [13, 14] introduced a noise
reduction algorithm based on a NN to map from noisy
speech to a noise-free speech signal. They used a four-
layered feedforward NN to reduce noise. This was tested
on an artificially generated noisy Japanese speech data
using stationary and non-stationary noise. This method
requires a clean speech signal for training the network
and that is not possible to obtain it in all cases. Although
the output signal from the network was clear, they have
concluded that processing did not improve the
intelligibility of the speech signal.

Kencht [15] introduced the idea of using nonlinear
noise filtering and the perceptron based beamformer.
This paper only considers a fixed beamformer, where the
weights are estimated in the training period and they are
not updated during the test period. Their research lead to
work on nonlinear two-microphone based beamformer
for speech enhancement in hearing aid applications [16].
They only used the GIBF structure (as shown in Figure 1)
with the fixed NN based noise reduction algorithm. Our

study will extend this work to SGIBF structure using a
partially connected three-layer time delay neural network
(TDNN) based ANC.

The rest of the paper is organized as follows. Section
2 introduces the NN algorithm used with the SGIBF
algorithm. Section 3 describes the simulation results and
discussion whilst section 4 presents our conclusions.

2. NEURAL SWITCHED GRIFFITHS-JIM
BEAMFORMER

The error signal e(k) is given by:

elk) = d(k) - y(k) 1)

where d(k) is the desired signal, y(k) is the estimated
sigmal from the adaptive filter and it is calculated by:

J’F
v = £ D (0,2 (0)) +a @)
=1

where wv(k) is the second weight vector at the hidden
layer, P isthe number of neurons and a is the bias value
at the output layer. z(k) is the neuron value at the hidden
layer and it is calculated by:

N
z{E}=f[Z(wl-(k]xj(k})+bi] (3)

i=1

where w(k) is the first weight vector at the hidden layer,
x(k) is the reference signal, f(x) is the sigmoid function,
b is the bias value at the hidden layer and N is the
number of inputs to the neuron. The neuron transfer
function is chosen to be the hyperbolic tangent nonlinear
sigmoid function.

All the weights are initialized to small random value
between 1 and -1 and are updated at each iteration using
the error backpropagation algorithm. This leamning
algorithm is most commonly used to train the NN. The
new weight values are given by:

wik+ 1) = wik) + (hle(k)o(k)2 (k) x(k) ) + e (w(k 1) —w(k)) (4)

ofk +1) =o(k) + (R2e(R)Y (NAK) + B(ok-1)-o(k)  (5)

where h1 and h2 are the leamning rate, a and j are the
momentum factor, z'(k) is the derivative of the hidden
layer neuron, and (k) is the derivative of the output
layer neuron.  For more details on choosing an
appropriate parameter values for this algorithm and their

effect on the performance of this algorithm can be
referred to in the following paper [17].

127



Appendix A

3. RESULTS AND DISCUSSION

The neural based SGIBF (as shown in Figure 3) and the
traditional NLMS based SGIBF are simulated in the
Labview programming language G. A VAD based on
automatic variance control has been used with these
beamformer’s to control the adaptive filters [18]. With
such a simple energy based VAD we must assume that
the desired speech has more power than any interference.
This does not act as a major drawback since there are
other more sophisticated VAD methods that exist [19].

A partially connected multi-layer perceptron with one
hidden layer is used here. This three-layer feedforward
time delay neural network structure is shown in Figure 4.
The NN structure used here has 20 input nodes, 17 hidden
nodes and 1 output node. Each hidden neuron has 4
inputs from the input node and all the hidden nodes are
connected to the output layer. The NLMS based SGIBF
has 85 weight coefficients (this is equivalent to the total
number of weights used in the NN). The step-size value
and the learning rates are set as (0.8. These parameters are
chosen experimentally and they are kept the same
throughout the experiments. Initially, the NN structure is
trained with a small section ofthe interference signal.

The quality of the output signal is measured by signal
to interference ratio (SIR) and it is calculated by:

SIR =10logy, fPMf{SWEC}‘ + Noise) — Power( Noise) |
\

(6)

Power ( Noise)

Several experiments were conducted by varying the
level of the interference signal. The experiment is set up
as follows: the target speech signal is generated in front
of the two microphones and the interference signal is
generated at about 45-degree angle to the microphones.
The speech signal contains the word “one” and the
interference signal consist of white noise and computer
fan noise.  The interference signals used in the
experiments are from the Noise-X database.

Figure 5 shows the comparison of the input SIR
verses output SIR for both SGIBFs. The output signal
from the NLMS based SGIBF showed only a small
improvement in SIR of about 5.5 dB. On the other hand,
the NN based SGIBF showed a great improvement in SIR
of about 13 dB in most cases and in one particular case an
impressive improvement of 22.6 dB was achieved.

Figure 6 shows one example from this experiment.
Figure (a) and (b) shows the input primary signal and
reference signal that contain the word “one” and the
interference signal (with the SIR of 11.49 dB and 12.14
dB). Figure (c¢) and (d) shows the output signal from the
NLMS and the NN based SGIBF (with the SIR of 16.17
dB and 24.89 dB). Figure 7 shows the comparison of the
mean sguare error (MSE) of the output signal of the
NLMS and NN (calculated only during the noise alone
period). The step size and learning rate are set at 0.8.
We can see from the graph that the NN converged more
smoothly than the NLMS.

Signal 1

Nonlinear NN
Adaptive filter

i :
5ia i
Beam-steering | ﬁ Moise canceller |
oy U & e n

Figure 3. Proposed nonlinear neural SGJBF structure.

oo

Figure 4. Nonlinear three-layer feedforward TDNN ANC.
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Table 1 shows the comparison of input and output
signal for both NLMS and NN based SGIBF for different
type of interference signals. As seen from the results the
NN based SGIBF outperformed the traditional NLMS
based SGIBF by up to 5 dB for different type of
interference signals and at different SIR.

TABLE L COMPARISON OF NN AND NLMS SGIBF wiTH
DIF FERENT INTERFER ENCE SIGNALS.
Input SIR (dB) Output SIR (dB)
Noise Signal type Primary | Reference | NLMS | NN
Babble noise 1939 1671 2997 | 3485
1332 10.45 2423 | 2935
Factory noise 14.06 13.56 2335 26.66

The complexity of the NN is O{N®) [20] and that of
NLMS is O(N). NN certainly requires significantly more
computational time than NLMS. This is definitely the
main tradeoff in achieving such improved noise
reduction.

4. CONCLUSION

This paper described a new method of noise
cancellation algorithm based on nonlinear NN adaptive
filtering. It is used for the noise cancellation section of
the SGIBF structure. A partially connected three-layer
TDNN structure was implemented for rapid real-time
processing. This algorithm has shown promising noise
reduction improvement over the previous linear adaptive
filter structure. However, the performance of the NN
greatly depends on the amount of training given and also
the size of the NN structure. Future work will be to
further analyze the performance of the NN beamformer
with a speech recognition system.
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Abstract—This  paper proposes a novel multi-microphone
nonlinear neural network based switched Griffiths-Jim
beamformer structure for speech enhancement. The main
objective of this algorithm is to reduce real-world interference
signals such as radio, television or computer fan neise from an
acquired speech signal. The proposed algorithm improves the
current design of the switched Griffiths-Jim beamformer
structure by intreducing an adaptive nonlinear neural network
filter for the noise reduction section. The network topology used
here is a partially connected three-layer feedforward neural
network structure. The error backpropagation algorithm is used
here as the learning algorithm. A comparison analysis of the
traditional three-microphone linear beamformer and the
proposed three-microphone neural switched Griffiths-Jim
beamformer structure is discussed here. They are both tested
with different types of interference signal from the Noise-X
database. All the experiments are conducted in real-world
surroundings. The nonlinear approach introduced here shows
remarkable improvement over the previous linear adaptive
beam former approach.

Keywords-Nonlinear adaptive filter; Speech enhancement;
Time delay neural network; mult-layer perceptron; Generalised
sidelobe canceller

I INTRODUCTION

Speech enhancement in a noisy environment has generated
many challenges for speech related applications. Desired
speech signals are often distorted by interference signals
generated from different sowrces such as computer fans,
television, radio and competing speakers, to name but a few.
Many researches have emerged through the years with the task
of reducing the background noise from an acquired speech
signal. These noise reduction techniques generally vary from
single microphone to multi-microphone systems. However, the
underlying idea behind most widely used algorithms is to use
an adaptive filter to minimize the interference signal.

An Adaptive Noise Canceller (ANC) has been used for
reducing background noise since the early 70°s [1]. The basic
structure of this algorithm is shown in Fig. 1. The first
microphone is positioned in such a way as to acquire the
desired speech as well as the background noise. The second
microphone is positioned near the background noise source so
(in theory at least) it does not acquire any speech signal. In an
ideal situation, subtracting the microphone signals will
minimize the noise components while leaving the desired
signal unaffected.  This algorithm is mostly used for
applications where the speech signal can be isolated from the
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Figure 1. Adaptive noise canceller.
second microphone and at the same time noise signals at the
microphones are kept correlated.

For many speech related applications it is difficult to
acquire a noise alone signal while keeping the noise correlated
in both microphones. Consequently, this could lead to speech
as well as noise cancellation. This problem has been
recognized by numerous researchers and different solutions
have been proposed. In particular, an adaptive microphone
array beamformer algorithm was introduced by Griffiths and
Jim where the signals are added to attain the first signal and
they are subtracted to attain the second signal [2]. The basic
structure of this algorithm is shown in Fig. 2. This design has
also been known as the Generalized Sidelobe Canceller (GSC).
This algorithm requires the desired speech signal arriving at
both microphones to be phase-aligned. If this condition is not
met the output speech signal will be distorted due to speech
cancellation.

This algorithm was improved by Van Compernolle with
another adaptive filter to align the speech signals and also a
switch is used to control the updates of these adaptive filters
[3]. Fig. 3 shows the basic structure of the two-microphone
Switched Griffiths-Jim Beamformer (SGJB) algorithm. This
algorithm has a phase alignment section and a noise canceller
section. The phase alignment section is used to align the
speech signals between the microphones and it is only updated
during a speech segment. The noise canceller section is used to
minimize the unwanted background noise and it is only
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Figure 3. Two-microphone Switched Griffiths-Jim Beam former.

updated during a noise-alone segment. The update of the
adaptive filters is controlled in order to avoid the phase from
aligning to the incorrect noise source and also to avoid the
speech distortion.

A Voice Activity Detector (VAD) algorithm is used to
differentiate between a “speech and noise” segment and a
“noise-alone” segment. VAD algorithms vary from energy
based systems to direction based systems. Energy based
system are widely used due to their simplicity. However, with
these systems an assumption is made that the desired speech
signal has more power than any background noise. For
applications where this condition can not be met more
sophisticated VAD methods can be used instead [4].

The phase alignment and the noise canceller sections
normally use a linear adaptive filter. The Least Mean Squares
(LMS) algorithm is one of the most commonly used linear
adaptive algorithms. This area has been researched extensively
due to the ease of implementation for practical use with today’s
processing power. In recent years, there has been a broad
interest in nonlinear adaptive filters due to much research that
has proven better results than the conventional linear adaptive
filters[5]. Early work on nonlinear adaptive filters can be seen
in Gabor in 1954 using Volterra series [6]. Examples of
nonlinear adaptive filters include: Voltera filters, extended
Kalman filters and neural filters, to name but a few. Amongst
the existing nonlinear adaptive filters, this paper focuses on a
Neural Network (NN) based filter which is both beneficial and
practical to implement.

The paper is organized as follows: section 2 summaries
pervious work on NN based noise reduction algorithms and
introduces the Time Delay Neural Network (TDNN) algorithm.
Section 3 describes simulation results and discussion, whilst
section 4 presents the conclusion.

II. NEURAL NETWORK

An introduction to the area neural network area can be
found in references [7, 8]. In recent times, neural networks
have been used for a range of signal processing applications
such as system identification, pattern recognition, image
processing, speech recognition and adaptive beamformers for
antenna array applications [9]. Early work on neural networks
can be referred to Widrow and Hoff [10, 11] whose work lead
to the first neuron structure called an Adaptive Linear Element
(ADALINE). It is a single neuron linear adaptive filtering
structure based on the LMS algorithm.

The research conducted by Tamura and Waibel introduced
a noise reduction algorithm based on a NN to map from noisy
speech to a noise-free speech signal [12]. A four-layered
feedforward NN algorithm was used to reduce the interference
signal. This system was tested on artificially generated noisy
Japanese speech data using stationary and non-stationary noise.
Their method requires a clean speech signal for training the
network however which is not possible to obtain it in all cases.
Although the output signal from the network was clear, they
have concluded that processing did not improve the
intelligibility of the speech signal.

Kencht introduced the idea of combining nonlinear noise
filtering and the perceptron based beamformer [13]. This
research was only limited to a fixed beamformer algorithm.
Hence, the adaptive filter weights are estimated in the training
period and it is used for the test. This research led to further
work on nonlinear dual-microphone based beamformers for
speech enhancement in hearing-aid applications [14].
However, they only considered the Griffiths-Jim Beamformer
structure (shown in Fig. 2) with the NN based noise reduction
algorithm.

The current research presents a three-microphone based
adaptive nonlinear neural SGIB. Research has shown that one
hidden layer can approximate any measurable function given
sufficient amount of hidden units [15]. Therefore, a three-layer
feedforward structure with one hidden layer will be used here.
The TDNN algorithm is described below.

The error signal e(k) is given by

e(k) = d(k) —y(k) (n

where d(k) is the desired signal, y(k) is the estimated signal
from the adaptive filter.

Each neuron value at the hidden layer is calculated by

N

z(ka:f{Z(w,-(k}xr.-(knw.-] (2)
=1

where w(k) is the first weight vector at the hidden layer, x(k)

is the reference signal, f(x) is the sigmoid function, b is the

bias value at the hidden layer, N is the number of inputs to the
newron. The neuron transfer function i1s chosen to be the
hyperbolic tangent nonlinear sigmoid function.

The output of the network is given by

( I
y(k>=ft2(zu(k)xzj(k))+n (3)

where o(k) is the second weight-vector of the hidden layer, P
is the number of neurons, a is the bias value at the output
layer.
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All the weights are initialized to small random values
between 1 and -1, and they are updated at each iteration using
the error backpropagation algorithm [16]. This learning
algorithm is most commonly used to train the NN algorithm.
The new weight value is given by:

wik +1) =w(k)+(hlxe(k) < o(k) =z (k)= Jr(k)) (4)

o(k+1)=v(k)+{h2xe(k)= y' (k)= z(k)) (5)

where il and h2 are the learning rate, z'(k) is the derivative
of the hidden layer neuron, and y'(k) is the derivative of the
output layer neuron.

I, RESULTS AND DISSCUSSION

The following hardware products are used for this
experiment: three omni-directional microphones, a pre-
amplifier, National Instruments data acquisition card (NI-DAQ
9233) and a personal computer for data amalysis. A three-
microphone TDNN based SGJB and a three-microphone
Normalised Least Mean Squares (NLMS) based SGIB has
been simulated in the Labview programming language G. Fig.
4 shows the general structure of the proposed three-microphone
neural SGJB algorithm. For the proposed algorithm a NLMS
based adaptive filter is used for the phase alignment section
and a NN based filter is used for the noise canceller section.
For the traditional beamformer both sections use a NLMS
based adaptive filter. A VAD based on automatic variance
control has been used with these beamformer’s to control
update of these adaptive filters [17].

The NN structure implemented here is a three-layer
feedforward network (one hidden layer) and a partially
connected structure. The main advantage of using such a
system compared to a fully connected NN structure is to reduce
the processing power (this will increase the ability to do real-
time processing). Fig. 5 shows the layout of the proposed
nonlinear adaptive NN filter used for the noise canceller. This
NN structure has 8 input nodes, 5 hidden nodes and 1 output
node. Each hidden neuron has 4 inputs from the input node
and all the hidden nodes are connected to the output layer.

Speech & Nowse

Mic 1

Figure 4. Three-microphone Switched Griffiths-Jim Beamformer.

Speech & Noise signal

Error backpropagation [
algorithm

Figure 5. Partially connected three-layer feedforward ANC structure.

Fig. 6 illustrates the experimental arrangement. The three-
microphones are positioned in a linear array approximately 15
cm apart. The experiment is set up as follows: the desired
speech signal is generated in-front of the microphones and the
interference signals are generated at an angle to the
microphones (see Fig. 6). The input signal contains the spoken
words “One Two Three Four Five™ and the interference signals
are babble noise and factory noise. The babble noise is
positioned at about 65° angle on the right and the factory noise
is positioned at about 30° angle on the left. All the interference
signals used in this experiment are from the Noise-X database.

After carrying out several experiments the following
parameters were chosen for both of the NN filters: the number
of inputs to the network was set to 20, the number of neurons
was set to 17, the number of inputs to a neuron was set to 4 and
the learning rates were set to 0.8. For the NLMS 85 was
chosen as the number of weights (this is equivalent to the total
weights used for the NN filter in both layers). The step-size
value was set as 0.2. Initially, the NN structure was trained
with a small section of the interference signal (3000 samples).

Desk
Mic3  Mic2 Micl

Q=050

65° Angle % 30° Angle

=
=
"

e
"
E g,
5
=

Noise
gource |

Noise
source 2,

18

Figure 6. Experiment setup.
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The quality of the output signal was measured by Signal to
Noise Ratio (SNR) and it was calculated by:

Power( Speech+ Noise)
SNR=10log, (6)

Power ( Naise)

Fig. 7 (a) shows the input signal from the first microphone
(b) and (c) shows the output signal from the NLMS and the NN
based beamformer. The NLMS based SGJB showed a SNR
improvement of 3.95 dB and the NN based SGIB showed a
SNR improvement of 8.32 dB. Fig. 8 shows the comparison of
Mean Square Error (MSE) of the output signal of the NLMS
and NN. This graph demonstrates that the NN converged more
smoothly when compared to NLMS. In addition, an informal
listening test showed a great improvement in the NN based
beamformer output when compared to the NLMS beamformer.
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Figure 7. Experiment results (a) input signal (b) output signal from the
NLMS SGIB, and (c) the NN SGIB.
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IV. CONCLUSION

This paper describes a new method for speech enhancement
based on a nonlinear NN based adaptive filtering. A three-
microphone newral SGIB structure was analysed with
traditional NLMS for the phase alignment section and the NN
filter for the noise cancellation section. A partially connected
three-layer TDNN structure was implemented here. The error
backpropagation algorithm is used as the learning algorithm to
train the NN filter. The error backpropagation method is a
slow gradient algorithm and it can be easily replaced with other
algorithms like the fast backpropagation algorithm [18]. The
proposed algorithm has shown promising noise reduction
improvement over the linear adaptive filter structure. Future
work in this area will consist of combining the NN beamformer
with a speech recognition system as a practical application to
further analyze the performance ofthe algorithm.
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Neural Switched Griffiths-Jim Beamformer
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Abstract—There is a great need for speech enhancement in
today’s world due to the increasing demand for speech based
applications. These applications vary from hearing-aids, hands-
free telephony to speech controlled devices. The main goal is to
minimize the interference from an acquired speech signal. The
interference we considered here could be from any noise source
such as competing speaker, radio, TV and so on. This paper
proposes a solution to improve the current design of the switched
Griffiths-Jim beamformer structure. It introduces an adaptive
nonlinear neural network algorithm for the noise reduction
section. The network topology used here is a partially connected
three-layer feedforward neural network structure. The error
hackpropagation algorithm is used here as the learning
algorithm. Comparison analysis of the traditional four channel
linear beamformer and the proposed four-channel neural
switched Griffiths-Jim beamformer structure is discussed here.
They are both tested with different types of interference signal
from the Noise-X database. All the experiments are conducted in
real-world surrounding. The nonlinear approach introduced
here shows remarkable improvement over the previous linear
adaptive beamformer approach.

Keywords-Nonlinear adaptive filter; noise reduction; Time
delay neural network; multi-layer perceptron; Generalised sidelobe
canceller

L INTRODUCTION

Acquiring a clean speech signal in an adverse acoustic
environment has created lot of challenges for many
applications. Speech is often degraded by background noise
originating from different sources such as radio, TV, computer
fan or competing speakers, to name but a few. A lot of
research has emerged through the years with the task of
reducing the background noise from an acquired speech signal.
These techniques vary from single microphone to multi-
microphone systems; however, the underlying idea behind
most popular algorithms is to use an adaptive filter to reduce
the interference signal.

The adaptive noise cancelling structure was first introduced
in the 70°s to estimate the speech signal corrupted by
background noise [1]. The reference microphone is positioned
near the noise source and the primary microphone is positioned
in such a way that it will acquire the speech signal as well as
the noise signals. In an ideal situation, subtracting the
reference signal from the primary signal will minimize the
noise components while leaving the desired speech unchanged.

This structure is used largely for applications where the
speech signal is isolated from the reference signal. and the

noise signals are correlated in both channels. However, this
traditional structure is unsuitable for many applications due to
the difficulties in acquiring such a speech-free reference signal.
This problem has been identified by many researchers. In
particular, Griffiths and Jim developed a microphone array
beamformer algorithm where the signals are added to get the
new primary signal and they are subtracted to get the reference
signal [2]. Their design has been known as the generalised
sidelobe canceller or Griffiths-Jim beamformer algorithm. The
two-channel structure of this beamformer is shown in Fig. 1.
The main drawback with this method is that it requires the
speech signal arriving at the microphones to be phase-aligned.

Van Compernolle improved this structure by adding
another adaptive filter to align the speech signals and also used
a Voice Activity Detector (VAD) to control the updates of
these adaptive filters [3]. Fig. 2 illustrates the two-channel
Switched Griffiths-Jim Beamformer (SGIB) structure. This
beamformer structure has two sections: a beam-steering section
and a noise canceller section. The beam-steering section is
used to obtain a phase alignment between the microphone
signals. The noise canceller section is used to reduce the
unwanted background noise.

The first adaptive filter is only updated during a “speech
and noise” period and the second adaptive filter is updated
during a “noise alone™ period. By controlling the update of the
first section we can avoid the beam from steering to the noise
source and by controlling the update of the second section
speech cancellation can be avoided while achieving a
maximum noise reduction.

A VAD is used to distinguish between a “speech and noise™
period and a “noise alone™ period. Clearly this is one major
disadvantage of this kind of approach over other so-called
unsupervised adaptive filtering approaches using say
independent component analysis [4]. However, this is
balanced by the need for a system that can potentially work in
real-time. With such a simple energy based VAD, it has to be
assumed that the desired speech has higher amplitude than any

Speech & Noise signal Speech

Figure |. Two-channel Griffiths-Jim beamformer.
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Figure 2. Two-channel Switched Griffiths-Jim Beamformer.

interference. This does not act as a major drawback since
other, more sophisticated VAD approaches exist [5].

The beam-steering and the noise cancelling sections
generally use a linear adaptive filter like the Least Mean
Squares (LMS) algorithm. This area of research is exhaustive
due to the ease of implementation with today's processing
power and it has even been implemented in applications such
as hearing aids [6]. The idea of a nonlinear adaptive filter was
introduced originally by Gabor in 1954 using the Volterra
series [7]. In recent years, many researchers have proven that
using nonlinear adaptive filters for noise cancellation produces
better results than the conventional linear adaptive filters [8].
Therefore, there has been a broad interest in this area.
Examples of nonlinear adaptive filters include: Voltera filters,
extended Kalman filters or neural filters, to name a few.

Amongst the existing nonlinear adaptive filters this paper
concentrates on a Neural Network (NN) based adaptive noise
cancelling filter which is both beneficial and practical to
implement. The paper is organized as follows: section 2
summarizes pervious work on NN based noise reduction
algorithms and introduces the Time Delay Neural Network
(TDNN) algorithm. Section 3 presents and discusses the
simulation results while section 4 presents the conclusion.

II.  ARTIFICIAL NEURAL NETWORK FOR NOISE REDUCTION

An introduction to the area of Artificial Neural Network
(ANN) can be found in [9, 10]. In recent times, neural
networks have been used for a range of signal processing
applications such as system identification, pattern recognition,
image processing, speech recognition and adaptive beamformer
for antenna array applications [11]. Early work on neural
networks can be referred to Widrow and Hoff: and their work
lead to the first neuron structure called an Adaptive Linear
Element (ADALINE) [12, 13]. It is a single neuron linear
adaptive filtering structure based on the LMS algorithm.

Tamura and Waibel [14, 15] introduced a noise reduction
algorithm based on a NN to map from noisy speech to a noise-
free speech signal. They used a four-layered feedforward NN
to reduce the background noise. This system was tested with
an artificially generated noisy Japanese speech signal. The
main drawback with this system is that it requires a clean
speech signal to train the network. Although the output signal
from the network was clear, the authors concluded that the

processing did not improve the intelligibility of the speech
signal.

Kencht [16] introduced the idea of combining nonlinear
noise filtering and the perceptron based beamformer. Their
research was only limited to a fixed beamformer structure.
Hence, the weight values of the adaptive filter are estimated in
the training period and it is used for the testing. Their research
led to further work on nonlinear two-channel beamformers for
speech enhancement in hearing-aid applications [17].
However, they only considered the GJBF structure (shown in
Fig. 1) with the NN based noise reduction algorithm.

The current research presents a four-microphone based
adaptive nonlinear neural SGIB. Research has shown that one
hidden layer can approximate any measurable function given
sufficient amount of hidden units [18]. Therefore a three-layer
feedforward structure with one hidden layer will be used here.
The TDNN algorithm is described below.

The error signal e(k) is given by

e(k) =d(k)—y(k) (1)

where d(k) is the desired signal, y(k) is the estimated signal
from the adaptive filter.

Each neuron value at the hidden layer is calculated by

[ N
20)=f| 2 (wilk)xx (k) + b @)
\ i=1

where w(k) is the first weight vector at the hidden layer, x(k)

is the reference signal, f(x) is the sigmoid function, b is the
bias value at the hidden layer. N is the number of inputs to the
neuron. The neuron transfer function is chosen to be the
hyperbolic tangent nonlinear sigmoid function.

The output of the network is given by

f

P \

> (vj(k)xzj(k))+a

\ -1 )

yk)=f 3)

where o(k) is the second weight vector at the hidden layer, P

is the number of neurons, @ is the bias value at the output
layer.

All the weights are initialized with a small random value
between | and -1, and they are updated at each iteration using
the error back propagation algorithm [19, 20]. This learning
algorithm is most commonly used to train the NN. The new
weight values are given by:

w(k+1) =w(k)+(h1xe(k)x v(k)xz'(k)xx(k)) (4)
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o(k+1)=o(k) +(h2xe(k)x y'(k)x z(k)) (5)

where i1 and h2 are the learning rate, z'(k) is the derivative
of the hidden layer neuron, and y'(k) is the derivative of the
output layer neuron.

III. RESULTS AND DISSCUSSION

Hardware products used for this experiment include: four
omni-directional microphones, a pre-amplifier. National
Instruments data acquisition card NI-DAQ 9233 and a personal
computer for data analysis. The four-microphones are
positioned in a linear array approximately 10 cm apart. A four-
channel TDNN based SGJB and the traditional Normalised
Least Mean Squares (NLMS) based SGJB have been simulated
in the Labview programming language G. Fig. 3 shows the
general structure of the four-channel neural SGIB algorithm.
A VAD based on automatic variance control has been used
with these beamformer’s to control the adaptive filters [21].

The neural network structure implemented here is a three-layer
feedforward network (one hidden layer) and it is a partially
connected structure. The main advantage of using such a
system compared to a fully connected neural network is to
reduce the processing power (increasing the ability to do real-
time processing). Fig. 4 shows the layout of the proposed
nonlinear adaptive neural network filter. This NN structure has
8 input nodes, 5 hidden nodes and 1 output node. Each hidden
neuron has 4 inputs from the input node and all of the hidden
nodes are connected to the output layer.

A, Experiment ]

The experiment is set up as follows: the target speech signal
is generated directly in-front of the microphones and the
interference signals are generated at an angle to the
microphones. Fig. 5 illustrates the experimental arrangement.
The input signal contains the spoken words “One Two Three
Four Five™ and the interference signals are a babble noise and a
motor noise. The babble noise is positioned at approximately

Speech & Noise Speech

O+

Mic 1

Figure 3. Four-microphone Switched Griffiths-Jim Beamformer.

Speech & Noise

:x(n)
:x{n—])
1

:x{n-l)

x Error backpropagation [—

algorithm

Figure 4. Partially connected three-layer feedforward ANC structure,

35" angle on the right and motor noise is positioned
approximately 60° angle on the left. Both noise sources are
equally spaced from the microphone. All the interference
signals used were taken from the Noise-X database.

After carrying out several experiments the following
parameters were chosen for the NN: the number of inputs to
the network was set to 20, the number of neurons was setto 17,
and the number of inputs to a neuron was set to 4. For the
NLMS 85 was chosen as the number of weights (this is
equivalent to the total number of weights used for the NN in
both layers). The step-size value and the learning rates were
chosen as 0.8. Initially, the NN structure was trained with a
small section of the interference signal (3000 samples) for a
single iteration.
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The quality of the output signal was measured by signal to
interference ratio (SIR), and it was calculated by:

(6)

—— ‘ Power (Speech+ Noise) ‘
=10lo,
E1o Power(Noise)

\

Fig. 6 (a) shows the input signal from microphone 1 (b) and
(c) shows the output signal from the NLMS and the NN based
beamformer. The NLMS based SGIB showed a SIR
improvement of 2.88 dB and the NN based SGJB showed a
SIR improvement of 9.23 dB. Fig. 7 shows the comparison of
the Mean Square Error (MSE) of the output signal of the
NLMS and NN. This demonstrates that the NN converged
more smoothly when compared to NLMS.

B. Experiment 2

For this experiment a similar setup to the previous
experiment was used. The difference being that the distance
between the motor noise and the microphones was increased
(240 cm from the microphone).
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Figure 6. Experiment | results (a) inpul signal from microphone 1, (b) shows
the output signal from the NLMS SGJB. and (c) the NN SGIB

As in experiment 1, the input signal contains the spoken
words “One Two Three Four Five™ and the interference signals
contain babble noise and motor noise. Fig. 8 (a) presents the
input signal from microphone 1 (b) and (c) show the output
signal from the NLMS and the NN based beamformer. The
NLMS beamformer showed a SIR improvement of 4.10 dB
and the NN beamformer showed a SIR improvement of 10.67
dB. Fig. 9 shows the comparison of the MSE of the output
signal of the NLMS and NN. A similar resull to the previous
experiment was seen here, where the NN converged more
smoothly than the NLMS.
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Figure 8. Experiment 2 results (a) input signal from microphone 1, (b) shows
the output signal from the NLMS SGIB. and (c) the NN SGIB
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IV. CONCLUSION

This paper describes a new method for speech enhancement
based on nonlinear neural network adaptive fillering. A four
channel switched Griffiths-Jim beamformer structure was
analysed with the traditional NLMS adaptive filter and the
nonlinear neural network filter for the noise cancellation
section. A partially connected three-layer time delay neural
network structure was implemented for rapid real-time
processing. The error back propagation algorithm is used as
the learning algorithm to train the neural network. However, it
is a slow gradient algorithm and it can be easily replaced with
other algorithms such as the fast back propagation algorithm.
The experimental results of the proposed algorithm show
promising noise reduction improvement over the previous
linear adaptive filter structure. However, the performance of
the NN greatly depends on the size of the network structure.
Future work in this area will consist of combining the neural
network beamformer with a speech recognition system as a
practical application to further analyze the performance of the
algorithm.
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Appendix B

Labview implementation of the APA algorithm is given below.
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Appendix B

Labview implementation of the Volterra filter is given below:
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