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ABSTRACT

This thesis explores the neural network classification techniques on an electronic
book (eBook) reading device. Two areas of application are addressed: a graffiti
interpreter and a Cantonese-speech recognizer.  Different structures of neural
networks and hybrid neural networks incorporating fuzzy sets are used to reali_ze the
applications.

An eBook reading device enhances our reading environment with interactive and
multimedia features. Input for this device is possibly made using a stylus on a
touch-screen or voice through a microphone; practically, the former is a pattern
recognitidn (graffiti interpretation) problem and the latter is a speech recognition

problem.

With graffiti interpretation, eBook users can take full advantage of the graffiti
input to issue l:ommands or input texts. The interpretation is done by the template
matching technique.  Two approaches are developed to realize the pattern
recognition, which apply a self-structured neural network and a self-structure
neural-fuzzy network. Improved from a 3-layer fully connected neural
network/neural-fuzzy network, the self-structured network has a variable structure
that adapts to the characteristics of the input patterns by incorporating link switches.
By properly determining the states of the link-switches through training, the dummy
links can be eliminated. Simulation results show that the self-structure network
performs better than a fixed-structure network in terms of the network size.

With a speech recognizer, eBook users can use natural speech to execute some
functions of the eBook and enter characters whenever necessary. Four approaches

are proposed to recognize Cantonese speech. Of them, three are feed-forward neural



networks, and one is a recurrent neural network.

As the first approach, the self-structured neural-fuzzy network used for graffiti
interpretation is also applied to recognize Cantonese-speech commands. Then, a
neural-fuzzy network and a neural network are modified by adding associative
memory to provide the network parameters. In both of these approaches, the
neural-fuzzy network/neural network effectively has variable parameters that change
with respect to the input patterns. Thus, the leaning ability can be enhanced for the
case if two feature vectors belong to the same class but sparsely distributed. Results
will be given to demonstrate the improvement on recognition accuracy, network
complexity and learning rate. A discussion on comparing the various approaches
will also be given.

By using a recurrent neural network, the sequential properties of the
double-syllable Cantonese-digit can be modeled. The fourth approach therefore
involves an a$sociative memory for a recurrent neural network. Results will be
given to demonstrate the merits of the proposed approach. A discussion on the
comparison between the static approaches and the dynamic approach will also be
given.

In this thesis, all neural networks are trained by an improved genetic algorithm
(GA). The details about this algorithm and its performance in some benchmark test

functions will be given in the Appendix.
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STATEMENT OF ORIGINALITY

The following contributions reported in this thesis are claimed to be original.

1. A self-structured neural network for graffiti recognition is developed (Chapter 3,
Section 3.2). With a link switch introduced to each inter-node link, the structure
of the neural network can be tuned during the training process and will be
optimized after the training. The implementation cost of the network éan be
reduced. The self-structured neural network is applied to interpret 3 graffiti
commands (Chapter 5, Section 5.3.2).

2. A self-structured neural-fuzzy network is developed for graffiti recognition and
Cantonese speech recognition (Chapter 3, Sectibn 3.3 and Chapter 4, Section
4.3.1). By adopting a variable structure, the neural-fuzzy network structure can
be optimized and the membership functions can be generated automatically. A
simpler network structure, higher recognition rate and lower implementation cost
can be achieved. The self-structured neural-fuzzy network is applied to interpret
9 graffiti digits and 3 graffiti characters (Chapter 5, Section 5.3.3). It is also
applied to recognize 3 Cantonese speech commands (Chapter 5, Section 5.4.1.2).

3. A variable-parameter neural-fuzzy network and a variable-parameter neural
network are proposed for mono-syllabic Cantonese speech recognition (Chapter 4,
Section 4.3.2 and Section 4.3.3). Under a specific structure, associative memory
is present in the networks. The associative memory improves the searching area
of the networks and thus increases the recognition rate of the Cantonese speech
recognition system. The variable-parameter neural-fuzzy network is applied to
recognize 10 Cantonese-digit speeches (Chapter 5, Section 5.4.1.3) and the

variable-parameter neural network is applied to recognize 5 Cantonese-command

iv



speeches (Chapter 5, Section 5.4.1.4).

4. A dynamic variable-parameier newral network is proposed for mulii-sytlable
Cantonese speech recognmition (Chapter 4, Section 4.4). By introducing
assaciative memory to a recurtent neursl networl, the network complexity can be
reduced and the leaming ability <an be increased.  The dynamic
variasble-parameter neural network is applied to recognize 1l single-syllable
Cantonese-digit speeches and 2 double-syllable Cantonese-number speeches

(Chepter 5, Section 5.4.2.2).

[ hereby declare that this thesis is my own work and that, to the best of my knowledge
and belief, it reproduces no matetial previously published or written nor material
which has been accepted for the award of any other degree or diploma, except where

due acknowledgement has been made i the text.
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CHAPTER 1
INTRODUCTION

Neural Network (NN) and Neural-Fuzzy Network (NFN) are two topologies to
mimic the biological information processing mechanism. While humans are good at
symbolic recognition, it is hard for machines to learn recognizing symbolic objects.
To alleviate the problem, mathematical modets for symbolic objects should be created.
As a result, machines can learn the features of the objects by using computational
intelligence techniques, such as neural networks and neural-fuzzy networks. When
expert knowledge is needed in some applications, a neural network incorporated with
fuzzy rules is a possible solution. In this thesis, modifications to the neural
network/neural-fuzzy network topologies will be investigated. Then, the modified

networks will be applied to realize graffiti interpretations and speech recognitions in

an eBook environment.

1.1 Neural Network for Graffiti Interpretation

As we know, the most common input to an eBook reading device is the stylus
working on a touch-screen. The touch-screen is able to sense users’ sketches made by
the stylus. However, the interpretation of the sketches involves understanding the
symbolic objects of input graffiti, which is a relatively difficult task for machines. One
motivation of the work in this thesis is to develop an engine that can understand graf'ﬁti

inputs by using computation intelligence techniques. A graffiti-command interpreter
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Chapter I: Introduction

and a graffiti-to-text translator will be developed. Two methods are proposed to
realize these applications: a self-structured neural network and a self-structured
neural-fuzzy network.

In a typical fixed-structure neural network, all the nodes are fully connected. For
a given application, some links could be redundant that might create unnecessary
disturbances to the system. We propose a self-structured neural network, which is
developed from a traditiorfal 3-layer feed-forward neural network. Switches are added
into the links between the layers of nodes. The presence of these switches enables not
only the network parameters but also the network structure to be tuned during the
learning process. By turning off some of the link-switches, the number of links can be
reduced and the network structure can be reduced after the training process. The
proposed self-structured neural network will be applied to interpret three graffiti
commands in an eBook reading device.

As the second method, the idea of link-switches is extended to neural-fuzzy
networks. By integrating fuzzy sets into the neural networks, expert knowledge can be
incorporated into the system. The inter-layer link-switches are employed so as to
allow the choices of fuzzy rules during the training process. The proposed
neural-fuzzy network is applied to recognize three graffiti commands and ten grafTiti

digits in an eBook reading device.

1.2 Neural Network for Speech Recognition

Speech is a natural communicatioﬁ tool for human. By using speech, users can
give any commands to an eBook reading device, or input texts to the eBook content.
We simply need a microphone to sense the signals for speech recognition. However,
various speeches are difficult to distinguish, especially when the environment is noisy.

A high accuracy for recognizing speech is often a great challenge to the computers. In
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Chapter 1: Introduction

this thesis, four approaches are proposed for two speech recognition applications in the
eBook environment. The two applications are a speech-to-command recognition
system and a speech-to-text input system.

The first approach applies the aforementioned self-structured neural-fuzzy
network to recognize Cantonese speech in order to verify that the proposed network can
also be applied to other kinds of classification problems. Three Cantonese-command
speeches will be recognized by the eBook reading device.

The second approach reconstructs a traditional neural-fuzzy network to a specific
structure. This structure involves two neural-fuzzy networks, namely a tuner
neural-fuzzy network and a classifier neural-fuzzy network. The tuner neural-fuzzy
network is treated as the associative memory of the recognizer. It is employed to
provide expert knowledge based on the input patterns to the classifier neural-fuzzy
network. On using this proposed network, ten Cantonese-digit speeches can be
recognized with fewer network parameters and better performance than the traditional
approaches. Results will be given to demonstrate the metits of the proposed method.

The third approach uses two neural networks, instead of neural-fuzzy networks,
interconnected together to provide associative memory for classification. This
proposed network is evaluated by using it to interpret five speech commands in the
eBook environment.

The above three methods are static pattern recognition approach for the
mono-syllabic speech recognition problem. To provide a solution to the multi-syllable
speech recognition problem, a dynamic pattern recognition approach implemented by a
recurrent neural network is also proposed. The recurrent neural network is designed to
model the sequential properties of the speech with multi-syllable. It is used to
implement the speech-to-text input of the eBook reading device. The proposed

network also comprises two sub-networks: a tuner neural network and a classifier

Page 3



Chapter 1; Introduction

recurrent neural network. The tuner neural network (associative memory) provides
the classifier recurrent neural network with dedicated information from the features of
the input patterns. The classifier recurrent neural network is employed to handle the
information variation in time domain. Owing to the associative memory in the
dynamic network structure, the sequence of syllables can be determined while the size
of the network can be kept small. Results will be given to show the ability of the
proposed dynamic network in recognizing sequential speech (speech with multiple

syllables) inputs.

1.3 Electronic Book

Books are the teaching and learning media in our daily life. Traditional books
give us the easiest way of getting knowledge. With wonderful pictures and
well-written texts, our learning environment can be made more interesting. Besides
that, taking notes and adding bookmarks in a book can help the learning process.
However, the functions mentioned above are available in a static environment. The
reading materials and the functions that we can offer through books are very limited.
In order to enrich the reading materials and the learning environment, traditional books
are digitalized and enhanced with the state-of-the-art technologies. Tablet PCs,
Personal Digital Assistants (PDA), or dedicated electronic book (eBook) reading
devices are widely applied as new platforms for reading. Thanks to the digital format,
more functions can be impiemented inside the eBook environment. For instance,
animated pictures, movies, music and speech can be added to provide multimedia and
interactive effects in the eBook contents. Also, some useful functions such as
annotations, bookmarks, highlights, underlines, and free-sketches can all be made
available in the eBook reading device. In particuiar, graffiti and speech are two

important inputs that can be interpreted by the eBook reading device in order to
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enhance the convenience to the users.

1.4 Outline of the Thesis

This thesis is organized into six chapters. Chapter 2 describes the functions of an
eBook reading device. A literature review on neural networks for classification will be
given. These techniques cover the areas of fuzzy logic, neural network, and
evolutionary computation. A brief account to pattern recognition (handwriting
recognition) and speech recognition systems will also be provided in this chapter.

Chapter 3 presents two proposed approaches for graffiti commands and digits
interpretation. The operating principles of the two approaches will be explained. A
summary of their performance will be givén and comparisons will be made with respect
to the traditional approaches.

Chapter 4 describes the Cantonese speech recognition system for the eBook
environment. The four approaches to tackling mono-syllabic and multi-syllabic
speech recognition applications will be described. A summary on the performance of
the proposed approaches will be given. Comparisons between the proposed
approaches and the traditional approaches will be made in order to show the merits of
the proposed approaches.

Chapter 5 reports the results on implementing the proposed approaches to the
eBook applications. Based on the results, the merits of the proposed approaches will
be verified. Moreover, comparisons will be made to demonstrate the improvements
over the conventional methodologies.

Chapter 6 gives a conclusion to the thesis. The directions for further

development of the speech recognition system will also be discussed.
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CHAPTER 2
LITERATURE REVIEW

In this chapter, a review on neural network for classification, pattern recognition,
Cantonese speech recognition and electronic book (eBook) will be given. An
account on the techniques applied for doing pattern recognition (handwritting
recognition) and speech recognition, and a brief description to the inadequacy, will be

given,

2.1 Neural Network for Classification

Neural network for classification has been a hot research topic for years. By
applying neural networks, machines can be made more humanized. At present, it is
generally accepted that neural network is one of the three areas under the umbrella
of Computational Intelligence. The other two areas are fuzzy logic and
evolutionary computation. Fuzzy logic facilitates neural networks with the power
of reasoning with respect to linguistic rules and expert knowledge. Evolutionary
computation techniques facilitate neural networks with the power of learning based

on input-output data.

2.1.1 Fuzzy Logic
Fuzzy sets were proposed by Zadeh [23) and Gogien [17] in 1965.  Since then,

a wide range of applications has been reported, 'Fuzzy algebra, fuzzy subset, fuzzy
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reasoning, fuzzy inference, fuzzy relation and equation, fuzzy number, fuzzy
computing theory [9, 25, 28, 32] etc. are some areas under the umbrella of fuzzy
logic. The main contribution of fuzzy logic is that it offers a paradigm for
representing and processing linguistic or non-numeric information. It is a logic
system that is much closer in spirt to human thinking and natural language than the
traditional logic systems [5). Human problems that involve linguistic or symbolic

information can readily be tackled by fuzzy logic.

2.1.2 Neural Network Topologies

Neural Network is a computational tool to mimic the biological information
processing mechanism. They are typically designed to perform nonlinear mapping
between inputs and outputs. Neural networks are data driven self-adaptive systems
that can adjust themselves to the data without any explicit specification of functional
or distributional form for the underlying problem. They have been proved to be
universal approximators that can estimate any nonlinear smooth function with an
arbitrary accuracy [12].

The most important aspects of neural networks are learning and generalization.
A typical method of realizing the leaming of a neural network is to adjust the
weights governing the connections between the processing elements (nodes).
According to different weight sets, a neural network can be used to model different
non-linear functions. In general, neural networks are advantageous over
conventional approaches thanks to their generalization capability, parallelism,
distnbuted memory, redundancy and leaming. Thanks to the generalization
capability, a neural network can predict the closest output based on the trained
parameters and the input. However, the goodness of the network may sometimes

be affected by the structural design of the network.
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Many kinds of neural network topologies have been studied. Some of the
popular topologies are back-propagation feed-forward networks by Rumelhart ef al
[8], self-organizing maps by Kohonen [39], and Hopfield nets by Hopfield [19].
By using different network topologies, different applications are able to achieve

better performance.

2.1.3 Evolutionary Computation (EC})

Evolutionary computation (EC) refers to a collection of algorithms that work
towards the solution of a certain problem based on evolution of a population. For
those problems of optimizing certain multi-dimensional functions, EC is one of the
excellent tools. At least three types of evolutionary computing techniques have
been reported: Genetic Algorithm {GA) [42], Genetic Programming (GP) and
Evolutionary Algorithm (EA). GA is a powerful random search technique that
aims to handle optimization problems [10, 18, 42]. This is especially useful for
complex opttmization problems with & large number of parameters that make the
global analytical solutions difficult to obtain. It has been widely applied in
different areas such as fuzzy control [2, 6, 21, 41], path planning [14], greenhouse

climate control [31], modeling and classification [27, 29, 38], etc.

2.2 Pattern Recognition (Handwriting Recognition)

Pattern recognition is a way for machines to leamn the properties of an object.
However, machines are only good at numerical manipulation, while the
interpretation of objects could be a symbolic manipulation process. A way to
convert a symbolic manipulation process to a numerical manipulation process
should be found. Different methods of pattern (handwritten character) recognition

can be found in the literature. In general, handwriting recognition involves 2
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categories, the global approach and the analytical approach [14]. The handwnitten
character recognition involves segmentation, feature extraction and classification.
Segmentation and feature extraction are the preprocessing for the recognition.
Segmentation is to partition the connecting handwntten digits/letters into isolated
units. Then feature extraction techniques, such as thinning, skeletonisation and
contour extraction [7] are employed to obtain the feature vectors for the classifier.
Some researchers had developed various methods for recognizing handwritten
numerals [4, 7, 30, 35].

For the classification process, four different approaches [24] can be used:
template  matching, statistical  techniques, structural techniques, and
neural/neural-fuzzy networks (NN/NFN). The idea of the template matching
approach is to determine the best match between the stored templates and the input
template.  Statistical techniques employ statistical decision theory to determine the
class to which the input belongs. Hidden Markov modeling (HMM) is one of the
popular statistical techniques for handwritten character recognition [7]. The
sequential information were retrieved from the handwritten image and then modeled
by the HMM. With a different state sequence for each handwrtten pattern,
classification can be done by matching the sequence properties of the testing pattern
to the training templates.

On applying structural techniques, some complex patterns can be represented
by some simpler patterns. Based on these simpler patterns, the input can be
classified. Examples of structural techniques include grammatical [23] and
graphical [17] methods. The general idea of the neural/neural-fuzzy network
approaches [9] is to learn the features of the training patterns obtained from the
pre-processing.  The inputs with similar features can then be recognized using the

trained neural/neural-fuzzy network.
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One problem of using conventional NN/NFNs as the handwritten classifier is
that the network structure is not necessarily optimal. As mentioned before, a
fully-connected 3-layer NN/NFN is only a universal approximator for any smooth
non-linear functions. For an unknown function, we are not sure whether the
number of nodes is adequate and a fully-connected structure is good. Sometimes,
the optimal structure might even changes with respect to the input patterns.  Hence,
a large fixed-structure NN/NFN might have some of its links and parameters being
dummies that introduce unnecessary disturbances to the network system.
Moreover, owing to the large network size, more computational power has to be

used.

2.3 Speech Recognition

Speech can be modeled as energy functions of frequency. With a given
frequency and energy combination, a tone can be produced. Audible speech can be
regarded as mixtures of different tone sequences. In order to let machines
understand speech, speech recognition techniques have to be applied. In practice,
speech recognition involves the transformation of acoustic speech signals into

numeric values for machine leaming,

2.3.1 Cantonese Speech Recognition

Cantonese speech is a chan of mono-syllabic sound [37]. Each
Cantonese-character speech 1s a combined tone and syllable unit. There are nine
similar tones for a Cantonese syllable. Some Cantonese characters share the same
vowel, e.g. the Cantonese character of “1” (fjatl/) and the Cantonese character of
“7" (/catl/) share the same vowel of /a/ [43]. Thus, it is a difficult task to recognize

Cantonese characters, which requires not only the accurate discrimination of
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characters with different syllable but also the different tones of the same syllable.

Speech recognition [24] involves two steps: speech preprocessing and
classification. ~ The preprocessing stage involves segmentation and feature
extraction. Segmentation is used to define the boundary of the temporal speech
segments which represents the basic phonetic components of a speech. Then, the
stationary properties of the individual segment can be modeled by static
classification approaches. | The dynamic properties of the temporal segments, on
the other hand, can be modeled by using the dynamic classification approaches.

Feature extraction is a technique to find a good representation to a speech
signal. Normally, the time-domain speech signals will be windowed into speech
frames. For each speech frame, Fast Fourier Transform is applied to obtain the
frequency spectrum. Based on the frequency spectrum, digital signal analysis
techniques can be applied to obtain the cepstral coefficients, which describe the
features of the speech.  Filter-bank analysis [24], which is a technique for modeling
the human ears, is used to analyze the speech features. By distributing different
band-pass filters in the mel-scale of frequency, which models the characteristics of
the human ears, the frames of speech feature coefficients can be obtained. Using
the feature coefficients, we can perform the second step of classification in order to
recognize a speech.

Speech classification techniques can be categorized into 3 types: template
matching, acoustic-phonetic recognition and stochastic processing. For. the
template matching technique, reference‘speech units called templates are used to
perform the matching process between the testing speech units and the templates.
Thus, the testing speech units that closely match with the reference templates can be
identified. ~ The acoustic-phonetic recognition is a phoneme level speech

recognition approach. By using this approach, the acoustic similarity among the
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phonemes combination in a speech will be used to identify the input speech. The
stochastic process for speech recognition is similar to the template matching process
that requires the reference speech units for identifying the input speech. The main
difference between the stochastic process and the template matching process is that
the stochastic process performs a statistical and probabilistic analysts matching
process, which is not a direct mapping to the reference templates.

Two popular Cantonese speech recognition techniques are those using the
Hidden Markov Model (HMM) and Neural Networks (NN) {20, 24, 36]. HMM is
one well-known stochastic processing technique for speech recognition [17]. Itisa
statistical state-sequence recognizing approach. The states in an HMM structure
represent the stochastic process, and the directional links connected between states
are the transitions which indicate the flow from one state to another. With the
different states-and-transitions structure of each speech, recognition can be realized
by matching the testing speech unit to the reference models. The Baum-Welch
maximum-likelthood algorithm can be employed to compare the probability score
between the testing and reference models as the likelihood index. Another
verification process for HMM speech recognition can be done by the Viterbi
algorithm, which is a method to determine if the nodes and sequence of the testing
speech unit is closely matched with the reference models.

By using the connectionist modeling technique, non-linear functions can be
modeled by neural networks (NNs). Thanks to the capability of being a universal
approximator through training, an NN can be trained to become a classifier for a
certain input speech patterns. We can adopt a static pattem classification method
or a dynamic pattern classification method. The static pattern classification method
uses a conventional 3-layer feed-forward neural network to model each

single-character Cantonese speech. By using a conventional feed-forward NN as
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the speech classifier, the static properties of the speech frames can be analyzed.
This conventional feed-forward NN’s input vector contains no acoustic feature, and
it is only suitable for recognizing speech with a single syllable.

When the dynamic properties between speech frames are important for
recognizing the speech, we should consider using recurrent neural networks (RNN)
as the classifiers, and leam the relationships between speech frames through the
training process. A recurrent neural network (RNN) is a network which is
commonly used to tackle complex dynamic sequential problems, such as time series
prediction, dynamic system identification, and grammatical inference. Thanks to
the specific structure of a recurrent network, the temporal information can be
brought to the next time frame, As a result, the network not only models the static
information but also the time-varying information. Elman network, Jo.rdan
network [1], etc. are commonly used RNN structures. They are constructed as a
closed-loop system where the hidden-node outputs or the network outputs are fed
back to the network inputs. n practice, an RNN is suitable to classify speech with
multiple syllables. However, an RNN consumes more computing power than a
feed-forward NN.  Owing to the recurrent information fed back, RNN needs a large
number of network parameters so as to cope with the speech frame updates and the
recurrent information updates for each speech. As the number of parameters is
large, a longer training time is needed for an RNN to converge.

It should be noted that one neural network, feed-forward or recurrent, is needed
to effectively model one speech. If we have to recognize a large number of
recognition vocabularies, a standard structured NN may be difficult to achieve a
good performance. It is because the trained network parameters are used to model
the features of the input pattems. When the number of input patterns is large and

they are not closely clustered into the same class, more network parameters are
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needed to provide a fine resolution for modeling them. A complicated network
structure will then result. This will require higher computational power and

decrease the convergence rate.

2.4 Electronic Book (eBook)

Books are the major media for knowledge exchange. Typically, we gain
information from the texts‘ and pictures inside books. However, with the growth of
technologies, people prefer multimedia contents so that information can be
presented in a vivid, efficient and interactive manner. Electronic devices such as
Personal Digital Assistants (PDA), Notebook Computers, and Tablet PCs are
developing rapidly. These devices take advantage of the computational power to
display multimedia materials. However, these general-purpose devices are not
dedicated for manipulating book contents, and some of the device features might not
be needed by eBook applications. In order to reduce the size and cost, dedicated
electronic book reading software has been developed such as Microsoft Reader [45]
and Acrobat Reader [44]. However, this software has no readily integrated
graffiti/speech recognition tools offered to help the interactions with the readers.

In a dedicated electronic book reading device, our usual actions made ir; the
traditional book environment, such as highlighting, book-marking, free-sketching,
and annotating all become build-in device features. The results offered by these
features can easily be changed or removed. In addition, features like multimedia
book contents, page magnification, content searching, text reading, etc. that cannot
be done by ordinary bocks can now easily be realized in an eBook reading device
[44, 45].

To further enhance the features of an eBook reading device, computational

intelligence techniques can be applied so that the device can become more
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user-friendly and intelligent. In this thesis, we look at an eBook reading device as
a platform to realize the proposed neural network techniques. They will be
employed to tackle the problems of pattern recognition (graffiti input interpretation
by the eBook) and speech recognition (Cantonese input speech recognition by the

eBocok).
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CHAPTER 3
NEURAL NETWORK FOR GRAFFITI

INTERPRETATION

3.1 Introduction

In this thesis, graffiti refer to sketches made by a stylus on the screen of an
eBook reading device. Thanks to the touch-screen input device, users’ sketches can
be transférmed into numeric data corresponding to the coordinates of the sketched
trajectory. Taking the graffiti symbol as the input of the eBook reader, we can
develop a recognizer to interpret graffiti as some user-defined meanings. Neural
network techniques are proposed to realize graffiti command and graffiti text
recognition, which are to be implemented in an eBook environment.

This chapter reports two approaches for graffiti interpretation. One uses a
self-structured neural network, and the other uses a self-structured neural-fuzzy
network. The two proposed approaches are developed based on the idea of the
pruning techniques [11, 35]. The main difference between the two proposed
approaches to the well-known pruning techniques is that the deduced links/nodes for
the pruning techniques can not be reborn. However, in the proposed approaches, the
inter-node link switches can be re-opened/re-closed during the training process.

A self-structure neural network is defined as a network with inter-node link
switches with trainable on/off states. The first approach is based on a new neural

network structure, which employs a switch in each link between the layers of a
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conventional 3-layer néural network. The states (on or off) of the link switches are
tuned by using the reference patterns during the training process. In effect, a
traditional 3-layer feed-forward neural network is modified into a network with a
tunable structure. Using this approach, a smaller network structure than a 3-layer
feed-forward neural network with fixed connections can be obtained.

The second approach is a modification to the first approach. Fuzzy rules are
incorporated into the neural network so that expert knowledge can be used to
enhance the leamning ability of the resulting neural-fuzzy network. Besides that, in
order to obtain the most useful fuzzy rules, rule switches are introduced to the
network. Hence, the size of the network and the number of rules used in the
network can be reduced after the training process.

This chapter is organized as follows. A detailed description to the network
structures and the training aspects of the two proposed approaches will be provided
in Sections 3.2 and 3.3 respectively. In Section 3.4, the performance of the two
approaches, and the factors of considerations for choosing the network will be

discussed. A chapter summary will be given in the final section of this chapter.

3.2 Self-structured Neural Network

As a result of its specific structure, a neural network can be used to realize a
learning process [31]. In general, leaming is carried out in two steps: 1) a network
structure is defined, and 2) an algorithm is chosen for realizing the leaming process.
Usually, the structure of a neural network is fixed for a leaming process. However,
this fixed structure may not provide the best performance within a given training
time for different training pattems. If the neural network structure is too
complicated, the training time will be long. In this section, a neural network with

hnk switches i1s presented. By introducing a switch to each link, not only the
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parameters but also the structure of the neural network can be tuned. The proposed

neural network will be employed to interpret graffiti commands for eBooks.

3.2.1 Network Structure

The proposed three-layer network is shown in Fig. 3-1.

(] switch

Fig. 3-1. Proposed 3-layer neural network with switches.

The important point is that a unit-step function is introduced to each link. Such a

unit-step function is defined as,

5@) 0ifa<0 R 3.
a)= , xeR. .
lifez0

This is equivalent to adding a switch to each link of the neural network. Referring

to  Fig. 3-1, the input-output relationship of the  proposed
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multiple-input-multiple-output three-layer neural network is as follows,

Y. ()= i (5(3; )wj*logsigl:g:(ﬂs;.)vﬁz, (t))— 5(5} )b} jl -8(s1)b},

J=1 =l

k=1,2, , n,,. (3.2)
z;(t),i=1,2, , n,, are the inputs which are functions of a variable #; n_
denotes the number of inputs; v, i=12, , n,;j=12 , n,, denotes the

weight of the link between the i-th input and the j-th hidden node, n, denotes the
number of hidden nodes (excluding the bias node); s,}, i=1,2, ,n,;j=12 ,

n, , denotes the parameter of the link switch from the i-th input to the j-th hidden

node. w,,j=12, ,n;k=12 , n,, denotes the weight of the link

between the j-th hidden node and the &-th output. sfk J=1L2, , o nik=1,2, ,
n,., denotes the parameter of the link switch from the j-th hidden node to the &-th

output, n,, denotes the number of outputs of the proposed neural network. b;

oul

and b denote the biases for the hidden nodes and output nodes respectively. s

and s; denote the parameters of the link switches of the biases to the hidden and

output layers respectively. /ogsig(-) is the logarithmic sigmoid function defined as

follows,

logsig(a) = ;, aeR. (3.3)

l+e™

@), k=12, , n,, is the k-th output of the proposed neural network.

Because of the presence the switches, not only the weights but also the switch states
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can be tuned. It can be seen that the weights of the links govern the input-output
relationship of the neural network while the switches of the links govern the

structure of the neural network.

3.2.2 Training

The proposed neural network can be employed to learn the input-output
relationship of an application using some optimization algorithm such as genetic
algorithm (GA). Because of the presence of switches in the inter-node links, the
neural network is effectively a discontinuous system during its training phase.
Hence, the derivatives of the network function cannot be calculated. GA is one of
the appropriate training methods for this type of neural network systems. In this
thesis, all neural networks are tuned by an improved GA, which is detailed in the
Appendix. For the training purpose, the input-output relationship of the proposed

neural network can be described by,

y'(0) = g(zd(t)), (=12, , n, (3.49)

where y' 0 =pi() y@0 - yL@lad 20=[0 Ho - 20
are the desired outputs and given inputs respectively of an unknown nonlinear
function g(-), n, denotes the number of input-output data pairs. The fitness

function used by the GA can be defined as,

Sitness = , (3.5)
I +err
S 0=y,
err =) : (3.6)

k=l Ay XA,
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The objective is to maximize the fitness value of (3.5) using the improved GA by
setting the chromosome to be [s},, w, s v, s, b s b,f] for all i, j, k.
It can be seen from (3.5) and (3.6) that a larger fitness value implies a smaller error

value.

3.3 Self-structured Neural-fuzzy Network

Expert knowledge and experience in the form of fuzzy rules can be
incorporated into a neural network to realize a neural-fuzzy network (NFN). Like a
neural network, an NFN can be used to realize a leaming process [31]. Similar to
the argument in the former section, a fixed-structured NFN may not provide the.best
performance within a given iteration number, If thé structure of the NFN is too
complicated and the training patterns are not sufficient, the number of iteration, or
the number of floating point operations, will be large during operation. In this light,
an NFN that allows both tuning the membership functions and finding the number of
rules is proposed. The number of rules can be found by introducing switches for
activating the fuzzy rules, which can be realized as switches in some links of the

NFN.

3.3.1 Network Structure

A fuzzy associative memory (FAM) [10] is used as the rule base of the NFN.
The FAM is formed by partitioning the universe of discourse of each fuzzy variable
according to the level of fuzzy resolution chosen for the antecedents. A grid of
FAM elements is then generated. The entry at each grid element in the FAM
corresponds to a fuzzy prermse. Hence, an FAM can be interpreted as a geometric

or tabular representation of a fuzzy logic rule base. As discussed previously, the
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number of possible rules in an NFN might be too large.  Thus, a
multi-input-multi-output NFN that can have a selectable number of rules and
membership functions is proposed. The main difference between the proposed
network and the traditional network is that the unit step function of (3.1) is
introduced for activating each rule. The structure of the proposed NFN is shown in

Fig. 3-2. Referring to this figure, the input and output variables are defined as x,

and ¥y, respectively; where i=1, 2, , n;, and ny, is the number of input variables,

J=1,2, |, nu and nyy, is the number of output variables. The behavior of the

NFN is governed by p fuzzy rules of the following format:

Ry IF x,(1) is A, (x,(t) AND x,(t) is 4, (x,()) AND AND x, (1)
is 4, (x, (1)

PinEny

THEN y(t)is w,,1=1,2, ,u (3.7)

where u denotes the number of input-output data pairs; g = 1, 2, , p, is the rule

number; w_, is the output singleton of rule g for the j-th output.  From Fig. 3-2,

p=1[m, (3.8)

where m, is the number of membership functions of input variable x,, and in

(3.7), g; e[],...,m,li=l,...,n,.". In this network, the membership function is a

bell-shaped function given by,

(513, )

4, (x(0)=e (3.9)
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where the parameters X, and o, are the mean value and the standard deviation

of the membership function respectively. The grade of the membership of each
rule is defined as,

H (1) = A, (x, (1) Ay (x, (1)) 4, (x, (1)) (3.10)

The j-th output of the NFN y{¢) is defined as,

WROT N
y, () =% (3.11)

S, ()

g=l

where ¢ denotes the rule switch parameter of the g-th rule for the j-th output.

Fig. 3-2.  Proposed neural-fuzzy network.

Page 23



Chapter 3: Graffiti Interpretation

3.3.2 Training and Rule Switches Tuning
The proposed NFN can be employed to learn the input-output relationship of an

application by using the improved GA. The desired input-output relationship can

be described by,
y'()=gl(),1=1,2, ,u (3.12)

where yd(r)=[yl"(t) ya) - oy (t)] is the desired output corresponding to

the input vector z’(t)= [ O 2@ - 2 (t)] and g() is an unknown
non-linear function. The fitness function used by the GA can be defined by (3.5),

where

err_f:" - yj(l. (3.13)

IJf

The objective is to minimize the value of (3.13) using the improved GA by setting

the chromosome to be [f,gl_ T, gw.,wgi] forall i, /, g, g The value of (3.13) is the

mean absolute error (MAE). The range of fitness in (3.5) is [0, 1]. A larger value
of fitness indicates a smaller err. Qwing to the presence of switches for the fuzzy

rules, an NFN with selectable number of rules and membership functions can be

achieved.

3.3.3  Graffiti Interpreter

As shown in Fig. 3-3, a multi-NFN system is used to realize the graffit
interpreter. Each set of graffiti training samples is used to train its corresponding
NFN. The desired outputs of the NFN are set to be the inputs of the NFN.

During the interpretation operation, the sampled points of the input graffiti will be
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fed to all the m NFNs. The outputs of the m NFNs are fed to the graffiti determiner,
which measures the similarity between the input graffiti and the outputs of the NFNs,
in order to identify the possible graffiti input. The similarity of the input graffiti to
the output of an NFN is defined as,

S, =y, -7,i=1,2, .m (3.14)

where

R T NORS RO RSN AL A L

. [v.|
i="%"=[f,(t) 5() - I, 0, (3.16)
¥. and Z denote the normalized outputs and the normalized input of the NFNs

respectively. A smaller value of S; implies a cioser match of the input graffiti to the

graffiti represented by the i-th NFN. The smallest similarity value among the m

NFNs is defined as,

S, =min§, (3.17)

The index j of (3.17) is the output of the graffiti determiner, which indicates the j-th

graffiti is the most likely input graffiti.
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Fig. 3-3. Block diagram of the graffiti interpreter.

3.4 Comparison

The experimental results will be reported in Chapter 5. In this section, brief
qualitative comparisons between the traditional NN, the traditional NFN, the
self-structure NN, and the self-structured NFN will be made.

The structure of the traditional 3-layer feed-forward fully connected NN and
NFN are quite similar. When an application can make use of expert knowledge
and experience in terms of fuzzy rules to help making the decision, an NFN can be
used to absorb the fuzzy rules into the network for training. In this way, the rules
provide the network with an initial framework, and the training process is to
fine-tune the weights of the network so as to optimize the system. However, the
performance of the NFN depends very much on how well the rules are being set.
On the other hand, the performance of an NN depends mainly on the training
algorithm. A good global searching algorithm may help the NN to find the global

optimum of an application. On comparing the structure of traditional networks to
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that of the self-structured networks, the introduction of the link switches or rule
switches can reduce the number of parameters and links, and offer a smaller

structure than a conventional 3-layer fully connected NN,

Table 3-1 shows the comparison between the four kinds of networks in terms of

their number of links/rules, and the factors of consideration for choosing them.

Self-structured | Traditional | Self-structured | Traditional
NN NN NFN NFN
Number of :
tinks/rules Small Large Small Large
Factors of No expert knowledge Expert knowledge can be
consideration is needed applied

Table 3-1. Comparisons between the four neural networks.

= Comparing the two proposed self-structured NN and NFN, they have their own
strength in different applications. Table 3-2 gives a summary of the comparison
between them from the application of recognising 16 graffiti patterns. (The details
about the application will be given in section 5.3.4.) For the sélf-structured NFN,
increasing the number of m.emb.ership functions to model the application should
increase the learning ability of the network. Some of the rule(s) can possibly be
removed through training, and expert knowledge can be applied by fixing the link
switch of the corresponding fuzzy rules to be always closed during the training.
However, the number of parameters of an NFN might inherently be large owing to
the large amount of available fuzzy rules. As a result, if some applications require
a high recognition rate, and expert knowledge about the applications is available, a
self-structured NFN is appropriate if we can afford the potentiaily large number of
parameters.  Otherwise, if we do not have any expert knowledge about the

application, and we can tolerate the potentially larger error, a self-structured NN can
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be a good choice.

Self-structured NN Self-structured NFN
Number of parameters Smaller Potentially larger
Number of FLOPS Smaller Potentially larger
Recognition Performance Acceptable Potentially higher

Table 3-2.  Comparisons between the proposed self-structured NN and NFN.

3.5 Summary

In this chapter, a self-structured neural network and a self-structured
neural-fuzzy network have been proposed to interpret graffiti sketches in an eBook
application. By introducing switches to some links of the networks, the structure
of the graffiti interpreter can be tuned. Hence, the network afler training might not
be a fully connected network as some of the link switches are open. In this way,
some parameters or fuzzy rules can be removed after the training process. Thanks
to the reduction to the structural complexity, the training time of the system may be
decreased. This is especially important to the self-structured NFN because
reducing the number of fuzzy rules may significantly reduce the complexity of the
network.

Comparisons between the traditional NN, the traditional NFN, the
self-structured NN, and the self-structured NFN have been made. The number of
links/rules and the factors of consideration for choosing these four networks have
been reported.  Considering the two probosed approaches, the self-structured NN is
believed to be suitable for cases that allow slightly larger error with fewer network
parameters. The self-structured NFN, on the other hand, is appropriate for the
cases that have expert knowledge available and require higher recognition

performance, while a larger number of parameters can be accepted.
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Experimental results based on the proposed networks will be shown in Chapter
5 of this thesis to demonstrate the merits of the proposed approaches for graffiti

interpretation.
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CHAPTER 4
NEURAL NETWORK FOR SPEECH

RECOGNITION

4.1 Introduction

This  chapter  presents four neural network  approaches for
Cantonese-digit/Cantonese-command speech recognition in an eBook environment.
By using a Cantonese speech recognizer, speech commanding and speech-to-text
applications can be realized.

The first approach uses a self-structured neural-fuzzy network (NFN), which has
the same architecture as that mentioned in Section 3.3 of Chapter 3. By applying this
network to implement the Cantonese-digit/Cantonese-command speech recognition, a
better recognition rate than that of a conventional NFN can be achieved under the
application data sets provided in this thesis. The second and third approaches improve
the network structure by connecting two similar networks together to form a
variable-parameter network. The second approach involves two NFNs and the third
approach involves two neural networks (NNs). In both approaches, one network
serves as an associative memory of the other network. The associative memory is
termed the tuner network, which processes the input data to generate the parameters of
the second network. The second network is termed the classifier network, which
processes the input data with respect to the parameters from the associative memory to

do the classification. By connecting the two networks in this manner, the
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variable-parameter network effectively has multiple networks that can cope with a wide
range of input patterns. The search space of the recognition system can be widened.

To further develop the proposed variable-parameter neural network, the fourth
approach uses a recurrent neural network as the classifier network in order to realize
dynamic pattern classification for a Cantonese-number speech recognition system.
Owing to a recurrent loop, the information obtained from the previous state can be
brought to the current state. Thus, both the temporal and dynamic properties of the
speech can be modeled. In practice, the sequence of a multi-syllable speech can be
tackled by this proposed dynamic variable-parameter neural network.

This chapter s organized as follows. In Section 4.2, the
Cantonese-digit/Cantonese-command speech recognition system wrll be described. In
Section 4.3, the network structure, training and classification process of the three
proposed static pattern classification for the Cantonese-digit/Cantonese-command
speech recognition will be presented. The proposed dynamic pattern classification for
the Cantonese-number speech recognition will be discussed in Section 4.4. In Section
4.5, qualitative comparisons between the four proposed approaches in this chapter will

be provided. A chapter summary will be given at the end of this chapter.

4.2 Cantonese Speech Recognition System

As shown tn Fig. 4-1, the proposed Cantonese speech recognition involves two
steps: 1) speech feature extraction (pre-processing) and 2) speech classification,
Feature extraction is a process to extract the specific feature coefficients representing
each speech sample. Since the speech signal obtained from a recorder is effectively
represented as a vector of a very large size, signal processing techniques have to be
applied to reduce the size. Several methods are widely used in the feature extraction

process, and one of them is the filter-bank analysis. Filter-bank analysis [24] is
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developed based on a model of the human ears. By using a bank of band-pass filters,
the cepstral coefficients of the speech can be obtained. These coefficients will be the
inputs for the classification process. Since every speech has its own set of feature
coefficients, classification can be performed by a speech recognition system to
determine the meaning of the speech. In this thesis, four speech classification methods
are proposed to realize the Cantonese-digit/Cantonese-command speech recognition,

and they will be presented in the following sections.

Stage (1) :

Cantonese speech E> Wavefile E: Feature SPEECH
command Extraction PREPROCESSING

[_]V

. Stage (2) :
Classtfied Word <: Cl Spg;ch_ DISCRIMINATION

assification PROCESS

SPEECH
RECOGNIZER

Fig. 4-1. Block diagram of a Cantonese-digit/Cantonese-command speech

recognition system.

4.3 Static Pattern Classification for Cantonese Speech Recognition

The classification process in a speech recognition system can be done by a static
pattern classification process or a dynamic pattern classification process. Static
pattern classification for Cantonese speech recognition refers to classifying temporal
speech, single-Cantonese-character speech or mono-syllabic speech. Examples of
mono-syllabic Cantonese speech include the Cantonese digits “/lingd/” (0), “/jat1/” (1),
“fgau2/” (9), etc. The time-domain speech waveform of a typical
single-Cantonese-character speech is shown in Fig. 4-2. Static modeling techniques

can be employed to recognize the Cantonese-digit zero to ten. As the capability of
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neural networks (NNs) for doing discrimination is high, the classification of
Cantonese-digit/Cantonese-command speech using the template matching method can
be realized. Three approaches for the static pattern classification for
Cantonese-digit/Cantonese-command speech recognition are proposed.  Their
network structures, training and classification are to be discussed.

Centoness Spoech Dt ™17 {Tirw Comain
o ) ! ; ! !

1] S ..||

1YY S TR TP

02|

Amplitude

4z P TSR

e

2000 4800 4000 8000 10000 12000
Time

Fig. 4-2. Speech signal of the Cantonese-digit speech, digit “1 .

4.3.1  Self-structured Neural-fuzzy Network

The self-structured NFN for graffiti interpretation in an eBook environment has
been discussed in Chapter 3. In order to verify that this network is a good universal
approximator, it is also applied to perform the classification process of the

Cantonese-digit/Cantonese-command speech recognition in an eBook reading device.

4.3.1. I Network structure

The self-structured NFN used for Cantonese-digit/Cantonese-command speech

recognition has a structure as shown in Fig. 3-2 of Chapter 3. The inputs of the
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network are the feature parameters obtained from the feature extraction process.

4.3.2  Variable-parameter Neural-fuzzy Network

The definition of a vartable-parameter neural network is a network in which some
of the parameters of a network are varied by another network during the operation. A
variable-parameter  neural-fuzzy  network is  proposed to  recognize
Cantonese-digit/Cantonese-command speech. As shown in Fig. 4-3, the structure of
the proposed network consists of two NFNs, namely a tuner NFN and a classifier NFN.
In general, the parameters of traditional NFNs are fixed after the training. The size of
the parameter search space for the training depends solely on the complexity of the
network structure. In the proposed NFN, some parameters of the classifier NFN are
adjusted by the tuner NFN (which have fixed parameters after training) based on the
input data. Thanks to the variable-parameter structure, a relatively large search space

that adapts to changing input data can be obtained by a single network.

Tuner
Neural-fuzzy Network

/

Clazsifier
Neural-fuzzy Network

XD e

¥

Fig. 4-3. Block diagram of the modified neural-fuzzy network.

We use a fuzzy-associative-memory (FAM) [3, 26, 34] type of rule base for both
the tuner and classifier NFNs. As mentioned in Chapter 3, an FAM can be interpreted

as a geometric or tabular representation of a fuzzy logic rule base. The structure of the
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4.3.2.1 Tuner neural-fuzzy network

The tuner neural-fuzzy network (TNFN) is a traditional partially connected
neural-fuzzy network which is used as the associative memory of the system. The
parameters of the TNEN are used to store the feature information of each training
pattern. Thus, the TNFN parameters are fixed after the training process. The fuzzy
rules and the membership function used in the TNFN are given in (3.7) — (3.10) of the
previous chapter. The job of the TNFN is to bring the information corresponding to
the input patterns into the associative memory to help the classification process. In

practice, each input pattern will generate its own set of parameters for the operation of

the classifier NFN.

4.3.2.2 Classifier neural-fuzzy network

The classifier neural-fuzzy network (CNFN) analyzes the information of the input
pattern with respect to the parameters obtained from the TNFN, and produces the
network outputs. From Fig. 4-3, we can see that the structures of both the tuner and the

classifier NFNs are the same. The outputs of the CNFN are governed by the following

equation.
m. s
2 He DAy

y ) =E—— (4.1
pWHO.

It should be noted that the outputs of the TNFN are the values of the output singletons

ofalttherules,A.;/=1,2, , Nous g=1,2, ...m., of the CNFN. The outputs of the

TR

CNFN (y(t)=[y,(t) vty o Y (t)] ) describes the target class of the input

pattern.. The desired value of y(1) is yﬂ,=[al a, - a, - aw]. Only the
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value of g; for a particular class is equal to 1, and the rest elements of y, are all zero.

The rule base of the CNFN will change with respect to the input pattern.

4.3.3 Variable-Parameter Neural Network

Neural networks are good tools for doing classification. For a typical neural
network, a fixed set of learning weights are obtained through the training processes.
When the training input data set is extracted from a large domain, which is due to the
characteristics of an application, a fixed set of network parameters may not be enough
to learn the characteristics of the application sufficiently. As a result, the network
architecture — as  shown in  Fig. 4-5 is proposed  for  the
Cantonese-digit/Cantonese-command speech recognition. [t consists of a tuner neural

network (TNN) and a classifier neural network (CNN) connected together.

ASSOCIATIVE MEMORY
Input Tuner
Vector Weural Network
L 2
ClﬁSSiﬁﬁI’ Ou[put
Neural Network Vector
DATA PROCESSOR

Fig. 4-5. Architecture of the proposed neural network.
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TUNER NEURAL
NETWORK

p Y

Yt

oal

L

CLASSIFIER :
NEURAL NETWORK

Fig. 4-6. Structure of the proposed neural network.

4.3 3.1 Tuner neural network

As shown in Fig. 4-6, the tuner neural network (TNN) is used as the associative
memory, which is implemented by a traditional 3-layer fully-connected feed-forward
neural network. It supplies the parameters to the data processor according to each
input pattern. Therefore, each input pattern will have its dedicated parameters set in

the data processor. The input-output relationship of the TNN is defined as follows,

I e
yg(t)=IOgSig[Zw,gfogsig(Z#,-,-x,»(t)—ﬂ,J—wg},g:1,2, ¢ (42)
J=1 i=l
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where () denotes the g-th output of the TNN; @y, j = 1,2,  ,h; denotes the weight
of the link between the j-th hidden node and the g-th output; A, is a non-zero positive
integer denoting the number of hidden nodes; 4y, i = 1,2, , ni; denotes the weight of
the link between the i-th input and the j-th hidden node; xi(f) denotes the i-th input of the
TNN; ¢ denotes the current input pattern number; 1, denotes the weight of the j-th bias
term for the hidden layer; @y denotes the weight of the g-th bias term for the output
layer; n;, and ¢ denote the' numbers of input and output respectively.

The logarithmic sigmoid function is used as the activation function in the hidden
and output nodes. In general, other activation functions can also be applied to the
network besides the logarithmic sigmoid function. The outputs of the TNN will be

some parameters used by the CNN.

4.3.3.2 Classifier Neural Network

As shown in Fig. 4-6, the classifier neural network (CNN) is the data processor,
which is implemented by a 3-layer fully-connected feed-forward neural network. It
classifies the input patterns to their corresponding class. The input-output relationship

of the CNN is defined as follows.

Pin

lhl
yk(’)=IogSig[Zﬂjklf(Z'u"fxr'(t)+ﬂj}/c(t);§j’o-J_’1kJ ’ k= l’ 2’ s Mom
J=1

i=)

(4.3)

where yi{f} denotes the 4-th output of the CNN; Ay, j= 1.2, A k=1,2, | nou,
denotes the weight of the link between the j-th hidden node and the &-th output; 4, i =

1,2, ,ni,denotes the weight of the link between the i-th input and the /-th hidden node.

=

It should be noted that the CNN shares the same input-hidden node link weights (1)

with the TNN; y.(1) denotes the last output of the TNN, ¢ = h; + 2; A, denotes the weight
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of the k-th bias term for the output layer; () denotes the hidden-node activation

function, which is defined as follows,

f(x,:6,,0)=

~2,-6,)
l+e

!

aj= 112, 3 hl (44)

where 75, & and o denote the input and the two parameters of the activation function

respectively. The effects of & and o to the shape of the activation function are shown

in Fig. 4-7. It should be noted that (4.4) is used in order to handle input data which

take values between —1 and 1. § and o are the outputs of the TNN. Thus, &= 5 and

& = y-1. The parameters provided by the TNN can be regarded as the knowledge

instructing the CNN how to handle the input data. The weights in the links of both the

TNN and the CNN are trained by the improved GA.

for ol 6=0

forall o=03

Fig. 4-7. Effects of § and o to ().

4.3.4 Training and Classification

The training process of the Cantonese-digit/Cantonese-command speech

recognition system is to minimize the error between the outputs of the network and the

desired values.

A fitness function as that given by (3.5) can be used to train the
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networks. Based on (3.5), the value of err can be calculated as the mean square error,

5 lyo©)-yClf

erp = 12! Pous (4.5)
num __ pat

where yf) denotes the desired output vector; y(f) denotes the network output vector,
num_pat denotes the number of training patterns. The desired output vector of the

network is defined as follows,

de[al a, - a4 anw,] (4.6)

whereay, k=1,2, , By, describes the target class of the system. Only the value of a;
for a particular class & is equal to 1, and the rest elements of y, are all zero. The
improved GA trains the proposed networks based on (3.5) and (4.5).

The classification process takes place after the parameters of the network have
been trained. A single-network-multi-class scheme is used to realize the classification

pracess, such that the index of the element in y{t) that has the largest value indicates

the most likely class of the input pattern.

4.4 Dynamic Pattern Classification for Cantonese Speech Recognition

It has been mentioned in Section 4.3 that the static pattern classification for
Cantonese-digit/Cantonese-command speech recognition is suitable for single
Cantonese-digit speeches. In order to recognize multi Cantonese-digit speeches, a
dynamic pattern classification approach should be used in the classification process.

Two example time-domain waveforms of multi-syllable speech are shown in Fig. 4-8.
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“/sap6, ji6/” (12) “/ji6, sap6/” (20)

Fig. 4-8. Time-domain waveforms of the Cantonese-number “12 and “20 .

From Fig. 4-8, we see that both the Cantonese-number “12 and “20 contain two
syliables, “/sap6/” and “/ji6/”, but with a different sequence. In general, if the static
pattern classification approach is used to do the recognition, the first and second
syllables are merged together in the recognition process, and the dynamic properties are
missed. In order to discriminate the two words, both the temporal characteristics and
the dynamic properties of the speech should be modelled. In short, a dynamic pattern
classification should be employed to classify multi-syllable speeches.

A recurrent neural network (RNN) is a network that is commonly used to tackle
complex dynamic sequential problems. However, training the recurrent network
parameters to the desired values is not an easy task. It is because a fixed number of
parameters might not be enough to model both the temporal and dynamic features of the
input data sets. On the other hand, if this number is too big, the overly complicated
network structure might increase the difficulty of the training process. In the
following sub-sections, a new architecture of the recurrent neural network is proposed

in order to alleviate the problem.
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4.4.1 Dynamic Variable-Parameter Neural Network
In order to improve the classifying ability of a traditional RNN, a new structure for

the network is proposed, which is shown in Fig. 4-9.

TUNER
NEURAL NETWORK .
e a——
x{f)
x, 1)
Y (t-1)
_ TN
yn_‘ (’ l) Ham
CLASSIFIER
RECURRENT
K NEURAL NETWORK

Fig. 4-9. Modified recurrent neural network structure.

As shown in Fig. 4-9, the proposed network consists of a traditional 3-layer

feed-forward neural network and a recurrent neural network. The 3-layer
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feed-forward neural network is a tuner neural network that serves as the associative
memory of the classifier recurrent neural network. The classifier recurrent neural
network models the dynamic properties of the input patterns, and processes them based

on the parameters provided by the tuner neural network.

4.4.1.1 Tuner neural network

Tuner neural network (TNN) is a traditional 3-layer feed-forward neural network
that provides the suitable parameters to the classifier recurrent neural network

according to the input patterns. The input-output relationship of the TNN is defined as

follows.

7. (0) = [ogsig{i mjgtansig[zm: pyx (1) — ij - &’g], g=1,2, ,c-2 47
J=1

ial

) My
v, ()= tansfg[ )] jc_,tansig(z IR ALY ] -, ] (4.8)
sl i=l
M Ny
y.(t) =logsig z a)jctansig(z Hax ()~ p, J -, (4.9)
J=1 i=l

where (1), 7-1(f), and p() are the outputs of the TNN for the t-th speech frame;

-1, a €N, is the tangent sigmoid function; logsig(:) denotes the

tansig(a) =
g(a) 207

logarithmic sigmoid function; @y, j = 1, 2, i, denotes the weight of the link
between the j-th hidden node and the g-th output; A; is a non-zero positive integer
denoting the number of hidden nodes; g, i=1,2, | #;,, denotes the weight of the link
between the i-th input and the j-th hidden node; x,(f) denotes the i-th input of the TNN;

14, denotes the weight of the j-th bias term for the hidden layer; w,, @..1, and w; are the
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link weights of the bias terms for the output layer; n;, and ¢ denote the numbers of input

and output respectively.

4.4.1.2 Classifier Recurrent Neural Network

As shown in Fig. 4-9, the classifier recurrent neural network (CRNN) is a 3-layer
recurrent network. It analyses the input patterns, recurrent information and the
information provided by the TNN to produce the network outputs. The input patterns
are tokens of short-time speech feature frames. The speech feature frames are fed to
the inputs of the network one by one. The outputs of the network are fed back to the
network inputs with one sampling-period delay. The input-output relationship of the

CRNN is defined as follows.

hy Min Mo
»()= fanst?[;%ﬂ(;nfrx,—(') + Z]#,{f’yq (- l)] - M@(OJ ,
1= = 9=
k=l: 29 s Powr (4'10)

where yi(f) denotes the -th output of the CRNN for the ¢-th speech frame; &; is a
non-zero positive integer denoting the number of hidden nodes (excluding the bias

node); Au,j=12, h,k=1,2, , n.u, denotesthe weight of the link between the j-th
hidden node and the &-th output; yf‘, i=12, ,ny, denotes the weight of the link
between the i-th input and the j-th hidden node; y.(f) denotes the last output from the

TNN; 22, g=1,2, | nou, denotes the weight of the link between the g-th recurrent

input and the j-th hidden node; 4, denotes the link weight of the &-th bias term of the
hidden layer; (f-) denotes the hidden node activation function and is defined as

follows,
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If(xg;J,Jg)=m-*l,g=l,2, ,h2 (4”)

X 0 and o, denote the input and the two parameters of the activation function
respectively. It should be noted that and o are the outputs of the TNN. Thus, g, =
Yo 8=1,2, ., hy;a=c -2, and 6= y._;. These parameters are given by the TNN to
guide the CRNN how to handle the input data. Owing to the dynamic structure of the
proposed NN, both the static and dynamic properties of the speech can be modeled.
Different parameter values change the shape of the non-linear activation function (4.11).
The CRNN performs dynamic adaptation to the input frame variations through the

recurrent links. Each frame pattern will have its own parameter set.

4.4.2 Training and Classification
An individual class-network training process is proposed. Every speech class has
its own network of the same structure. The block diagram of the training and

classification system is shown in Fig. 4-10.

Y
Speech : Network
Feature Frame ) for
Vectors : Speech "1"
ylrr
Speec.h —» Qutput
Determiner
yml
Network
for
Speech "m"
ymn

ous

Fig. 4-10. Block diagram of the proposed training and classification process.
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The objective of the training process for each network is to adjust the parameters
so as to minimize the error between the network outputs and the desired values, where
the desired values are the inputs of the network. The performance of the network is

governed by the value of fitness in (3.5) of Chapter 3, where the error value err is given

by
ng ng ng T
err =e,sort {Z‘d,;-y;l Dldi-» Zd:“'—y;""} (4.12)
=1 n=1 =l
ew=[eL el - e:"“]=[—-l—~ 2 1] (4.13)
naur naur

where err is governed by the sum absolute error between the desired output

d = [d,; d; - d:""'J and the network outputy, = 1y,'? yioe y,’;""']; e, denotes

the error-weight vector, sor((-) returns a vector that has the argument vector’s elements
sorted in descending order; ng denotes the number of groups that can be segmented
from the speech (the method to obtain the segmentation group for a speech will be
described in Chapter 5). [t should be noted that the desired value is equal to the input
in the training process. The fitness value will be optimized by the improved GA.

After the training process of each network has been done, m sets of parameters are
obtained. In order to classify the target class to which an input pattern belongs, the
input pattern will be tested simultaneously by the networks. Therefore, m fitness
values will be produced by the networks according to (4.12). The class of the network

with the highest fitness value is the most likely class to which the input pattern belongs.
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4.5 Comparison

Comparison between the four proposed Cantonese-digit/Cantonese-command
speech recognition approaches will be given in this section. First, the static pattern
classification  for  Cantonese-digit/Cantonese-command  speech  recognition
comparisons will be made between the self-structured NFN, variable-parameter NFN
and variable-parameter NN. Then, the best performed static pattern classification
approach will be compared with the dynamic pattern classification approach.

Out of the three static pattern classification approaches, two types of networks are
used: neural-fuzzy network and neural network. The differences between an NFN and
an NN have been discussed in Section 3.4, Chapter 3. Considering only the NFNs, the
number of rules of the self-structured NFN after training will be smaller than the
variable-parameter NFN.  However, thanks to the specific structure of the
variable-parameter NFN, the variations of the input patterns can be adaptively tackled.
Thus, the variable-parameter NFN can be used to classify a large number of classes of
which each class can have input patterns separated far apart from each other. To
illustrate the merits of the variable-parameter NFN more clearly, consider two
recognition classes. The data sets S| & S2 belong to class 1 but separated far apart,
and the data set S3 belongs to class 2 in the (x1, x2) spatial domain as shown in Fig.
4-11(a). On using a single traditional NFN, as its weights are trained to minimize the
error between the network output and the desired value for the two data sets separated
far apart; if the number of network parameters is not enough, the network will only be
trained to recognize a data set R between S1 and S$2. Therefore, S3 could be
misclassified as class 1 as shown in Fig. 4-11(b). The recognition accuracy will then
be lowered. However, if the number of parameters is large, the number of iteration
required in the training process will be increased. In order to reduce the number of

parameters of the network, the variable-parameter NFN can be considered. On using
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this network, when the input data belongs to S1, the tuner network will provide
parameter set | for the classifier network to handle the data set SI. When the input
data S2 is given, the parameter set corresponding to S2 will be used. Hence, the
variable-parameter NFN operates like a multi-network handling multiple classes, This
property is also possessed by the variable-parameter NN.  Comparisons of
self-structured NFNs, variable-parameter NFNs and variable-parameter NNs in terms
of number of parameters and factor of consideration on testing 5 Cantonese-command

speeches and 13 Cantonese-number speeches are summarized in Table 4-1.

12 @ Magnitude

Feature

Coefficients
(a) (b)
Fig. 4-11. (a) Two data sets in spatial domain. (b) Feature curves of the two sets.

Self-structured | Variable-parameter | Variable-parameter
NFN NFN NN
No. of .
Small Large Medium
parameters
Factor of Suitable for data . . .
. . . . Suitable for data in a large domain
Consideration | in a smali domain

Table 4-1. Comparisons between the self-structured NFN, the variable-parameter
NFN and the variable-parameter NN,

To evaluate the performance of the static and dynamic pattern classification for
Cantonese-speech recognition, the network which provide the best performance from

the three static pattern classification approaches are compared with the dynamic
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variable-parameter NN on testing 13 Cantonese-number speeches in terms of number
of network parameters and factor of consideration. Owing to the lack of recurrent
links in the static pattern classification approaches, all the speech frames have to be
cascaded together so as to incorporate the dynamic feature into the speech vector.
Therefore, the number of network parameter of the static pattern classification
approaches is more than the dynamic pattern classification approach. Table 4-3

summarized the results of the comparison.

Self-structured NFN/Variable- Dynamic variable-
parameter NFN/NN parameter NN
Small for single-syllable speech

No. of parameters Large
Large for double-syllable speech
A decision stage is required to i )
Factor of T . Only single network is
) ) determine if it is a single- or
Consideration needed

double-syllable speech
Table 4-2. Comparisons between the static and dynamic pattern classification

approaches.

In short, different approaches are suitable for different problems. Table 4-3

summarizes the uses of the proposed approaches.

Appropriate approach(es)

Static pattern recognition 1,2and 3
Dynamic pattern recognition 4
Widely separated data in each target class 2,3and 4
Data in a small domain 1
Fast training process required I and 3
Long training time acceptable 2 and 4
Approach 1: Self-structured NFN Approach 3: Variable-parameter NN

Approach 2: Variable-parameter NFN  Approach 4: Dynamic variable-parameter NN
Table 4-3. Summary on the uses of the proposed approaches.
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For the static pattern recognition application, approaches 1, 2 and 3 are
appropriate. This is because no recurrent path is required for this kind of application.
For the dynamic pattern recognition application, approach 4 is more appropriate thanks
to the presence of recurrent links. For applications that need to classify widely
separated data groups, approach 2, 3 and 4 are more appropriate. It is because the
associative memory of the network can supply adaptive information with respect to the
input patterns for the classifier. However if an application has data ilocated in a small
domain, approach | is suitable since the network size can be small and only a single
network can provide a good performance. Concerning the time of the training process,
approaches | and 3 are suitable to the applications that require a fast training process,
while approaches 2 and 4 are suitable if a longer training process can be accepted. It is
because the networks of approaches 2 and 4 are large in size, and more network

parameters (fuzzy rules parameters and recurrent path parameters, etc.) are needed.

4.6 Summary

Three  approaches  for  the  static  pattern  classification  for
Cantonese-digit/Cantonese-command speech recognition and one approach for the
dynamic pattern classification for Cantonese-number speech recognition have been
proposed in this chapter. A self-structured neural-fuzzy network, a variable-parameter
neural-fuzzy network, and a variable-parameter neural network are developed for the
static Cantonese-digit speech recognition. By employing the self-structured
neural-fuzzy network, both the number of rules and the membership functions of the
network can be tuned. Improvements have been made to the traditional networks for
static speech recognition by introducing associative memory. By interconnecting two
networks of the same structure, a better performance than that of the conventional

3-layer fully connected NN can be obtained based on the application examples in this
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thesis. The two networks are named the tuner network (associative memory) and the
classifier network (data processor). The parameters of the tuner network are fixed
after the training process. This process emulates the memorizing process of the human
brain. The classifier network associates the information supplied by the memory with
the information of the input pattern, and determines the most suitable class of that input
pattern. Because the associative memory depends also on the input pattern, the
variable-parameter network structure can cope with a large number of different input
patterns of the same class. In addition, fewer network parameters are needed to model
a large number of input patterns that are separated far apart.

By applying the idea of associative memory to a recurrent neural network, the
dynamic variable-parameter neural network is developed. Its tuner network is realized
by a 3-layer feed-forward neural network, and its classifier network is realized by a
3-layer recurrent neural network. By using the recurrent neural network as the
classifier, the dynamic properties of the input patterns can be modelled. In practice,
the sequence of the syllables in a speech recognition system can be tackled by the
recurrent neural network, so that multi-syllable Cantonese-digit speeches can also be
recognized.

Comparisons among the traditional approach and the proposed approaches in
terms of the number of parameters and factor of consideration have been made. The
uses of the proposed approaches have been discussed. Experimental results of
applying the four proposed networks for Cantonese speech recognition will be provided

in Chapter 5.
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CHAPTER 5
APPLICATIONS TO ELECTRONIC BOOK

AND RESULTS

5.1 Introduction

This chapter reports the application of the proposed approaches mentioned in
Chapter 3 and Chapter 4 to the electronic book (eBook). Results will be provided
to illustrate the merits of the proposed approaches. Besides, the proposed networks
will be compared with the traditional networks and among themselves in order to
evaluate the performance of the proposed networks.

This chapter is organized as follows. The development of the electronic book
reader will be reported in section 5.2. The results for the graffiti interpretation
applications (Graffiti-to-command and Graffiti-to-character interpretation), and the
performance comparison between the proposed approaches and the traditional
approaches will be given in section 5.3. The results for the speech recognition
applications (speech-to-command and speech-to-text recognition), and the
performance comparison between the proposed approaches and the traditional

approaches will be given in section 5.4,

5.2 Electronic Book Reader

Electronic book (eBook) reader refers to the software developed in an eBook

reading device that is used to process eBook content of a given standard format
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(Fig.5-1). EBooks are winning their popularity as a kind of media that can offer rich
contents and features such as multimedia presentations, instant dictionaries and
bookmark functions etc. within a small handheld device. The eBook reading device
should have no keyboard or mouse. Input to the device can be made through a stylus
on a touch-screen, or a microphone.  They are two natural input methods that require
neural network techniques to help their implementation. In this thesis, neural
network techniques .aré proposed to realize four types of applications:
graffiti-to-command interpretation, graffiti-to-character interpretation, Cantonese

speech-to-command recognition, and Cantonese speech-to-text recognition.

Fig. 5-1. Electronic book reading device.

5.3 Graffiti Interpretation Applications

The interpretation of graffiti commands and characters for eBooks will be
presented in this section. The block diagram of the interpretation system is shown in
Fig. 5-2. Thanks to the touch-screen, trajectories made by the stylus can readily be
recorded as coordinate data.  As the sampling rate of the eBook touch-screen is fixed,
the number of coordinates data collected will vary with the speed of the sketching.
The collected data could sometimes be more than enough or less than required.  Asa

result, a preprocessing stage lor the feature-point extraction is introduced.
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Coordinates
transformation

) :
*| forodd samples
el [ .
? : Gralffiti Interpreted
: interpretor meaning
: Coordinates
transformation

Drawing Pad | for even sampies
[

PREPROCESSING
STAGE

Fig. 5-2. Block diagram of the graffiti interpretation system.

5.3.1 Feature Point Extraction Methodology

A point on the eBook screen is characterized by a number based on the x-y
coordinates on a writing area, which is shown in Fig. 5-3. The size of the writing
area is Xmax X Ymax. The upper left comner is set as (0, 0). The points of the graffiti
will be sampled uniformly in the following way. First, the input graffiti is divided
into n—1 uniformly distanced segments characterized by n;, points, including the start
point and the end point. Each point is labeled as (x, y)), i =1, 2, , m,. The odd

points (with i being an odd integer between 1 and n;) taken alternatively are

converted to the values p,, using the following equation:

podd, zxr'xmnx +yi (SI)

Similarly, the even points (with i being an even integer between | and ) are

converted to the value p,,,, using the following equation:

pcven, =yiymax +xi (52)
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Then the network input

[poddl peven, e pevennm }

z= [z, z, - z,,M] : (5.3)
[paddl loeven, T Ioeven,i ]
Fig. 5-3. Feature points capturing method.
These numbers, z;, { = 1, 2, , Min, will be used as the inputs of the proposed

networks, The advantage of using the above feature point extraction methodology is
that it can better distinguish the differences between classes. The proposed networks
are used as the classifier that performs the template matching operation in the
interpretation process. The self-structured NN and the self-structured NFN are
applied to realize the graffiti commands interpretation and the graffiti characters

interpretation respectively. The results for each application are given as follows.

5.3.2 Command Interpretation by the Self-structured NN
The self-structured NN mentioned in chapter 3, section 3.2 is applied to

recognize 3 graffiti commands in the eBook environment. The three graffiti patterns

are shown in Fig. 5-4.
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(a) (b) (c)

Fig. 5-4. Graffiti used in the eBook (the dot indicates the starting point): (a) square
(b) triangle (c) straight line.

The interpretation process is achieved by a three-layer neural network
(eight-input-single-output) with link switches. The eight inputs nodes, z, i = 1,
2, , 8, represent the eight sampled points of the graffiti based on the feature point
extraction methodology mentioned in the previous sub-section. The output node y(r)
represents the graffiti value. Its value lies between 0.1 and 0.7; y(f) € [0.1 0.3) is
defined for a straight line, y(t)e [0.3 0.5} is defined for a triangle,
y(t)e[O.S 0.7) is defined for a rectangle. The neural network is trained with
some known input data (z?(s)) and output data (y“(¢)). The graffiti patterns are
obtained from free sketches by the same person following the patterns shown in Fig..
5-4 on the touch-screen.  For each graffiti pattern, eight sets of eight sampled points
are used. Hence, we have 24 sets of input-output data to train the proposed network.
The training output data, y“(¢), takes the middle value of each range. Thus, ¥y ()
is 0.2 for a straight line, 0.4 for a triangle, and 0.6 for a rectangle.

In this self-structured neural network, the number of hidden nodes is 11, which
was chosen arbitrarily. The improved GA (which is detailed in Appendix) is
employed to tune the parameters and structure of the neural network. The objective
is to maximize the fitness function defined in (3.5) and (3.6) of Chapter 3. The best
fitness value is 1 and the worst one is 0. The population size used for the improved

GA is 10. The lower and the upper bounds of the link weights are defined as
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v, Wb, 2 and, —12s,5;,5,,s) 21,i=1,2, ,8,;=1,2, ,IL

p"‘u’fl’}’—( ij?

The chromosome is [sj1 w, s; v, s, by s b,Z] for all i and j. The

initial values of the parameters inside the chromosome (genes) are randomly
generated. For comparison, a fully connected three-layer feed-forward ﬁeural
network (eight-input-one-output) trained by the improved GA is also used to interpret
the graffiti commands. The working conditions are the same as those mentioned
above. The number of iteration to train the two neural networks is 1000. After
training, 4 samples of each kind of graffiti (4 x 3 = 12 testing graffiti commands) are
used to test the performance of the trained neural networks. The results are obtained
from 5 runs and the best performance is tabulated in Table 5-1. The output values of

the two NNs are plotted in Fig. 5-5 (training) and Fig. 5-6 (testing) respectively.

Training Training Searching
NN No. of links Testing error
fitness value error Time (s}
Self-structured 0977343 60 0.0232 0.0306 494 44
Traditional 0.971251 11 0.0296 0.0408 1857.5

Table 5-1. Results of the self-structured NN and the traditional NN for interpreting
graffiti commands.
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Fig. 5-5. Output values of the two neural networks for the 24 training graffiti: Solid
line with (*): self-structured NN; Dash line with (+): traditional NN.
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Fig. 5-6.  Output values of the two neural networks for the 12 testing graffiti: Solid
line with (*): self-structured NN; Dash line with (+): traditional NN.

Frorﬁ Table 5-1, it can be observed that the proposed self-structured NN trained
with the improved GA provides similar results in terms of accuracy (fitness values)
and mean absolute errors (MAE) for training and testing with the data sets provided
above. However, on comparing the number of connected links, the proposed NN is
60 after learning as compared with the number of fully connected links of 111, which
includes the bias links. In Fig. 5-5, the training patterns 1-8 are graffiti in rectangle,
patterns 9-16 are graffiti in triangle and patterns 17-24 are graffiti in straight line.
From this figure, it can be seen that all output values are within the defined region and
the interpretation is successful. In Fig. 5-6, the testing patterns 1-4 are graffiti in
rectangle, patterns 5-8 are graffiti in triangle and patterns 9-12 are graffiti in straight
line. Again, all output values are within the defined regions when the proposed
network ts used. However, if the traditional neural network is used, pattern 2 is
outside the correct region. It can be concluded that the proposed network performs
better than the traditional network with the data sets reported in this section if the

same number of hidden nodes is used.
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5.3.3  Graffiti Interpretation by the Self-structured NFN

Inside the eBook reader, the graffiti of the numeric characters “0 to “9 and
three control characters (backspace, carriage return and space) are interpreted by the
self-structured NFN mentioned in Section 3.4, Chapter 3. The shapes of the graffiti
patterns are shown in Fig. 5-7. Ten uniformly sampled points of the graffiti will be
taken as the inputs of the interpreter. The points are obtained using the feature point
extraction methodology mentioned early. These ten numbers, z;, i=1,2, ,10, are
used as the inputs of the proposed NFNs as shown in Fig. 3-3 of Chapter 3. One
NFN is used for one class of pattern. Each NFN has 10 inputs, 10 outputs, 15
membership functions (i.e. m; = 15 for all {), and rule switches. One hundred sets of
sampled points for each graffiti pattern are sketched on the touch-screen by the same

person following the patterns shown in Fig. 5-7 for the training process.

Characters | Strokes Characters Strokes

0(a) 6

0(b)

8(a)

8(b)

oo 00

Backspace e

Carriage Return | ______

Space /

Fig. 5-7. Graffiti of the numeric and control characters (the dot indicates the starting

5(a)

OO N — OO

5(b)

point of the graffiti).
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The improved GA is used to tune the membership functions and the number of
rules of the NFNs. The objective is to maximize the fitness function given by (3.5)
and (3.13) of Chapter 3. The best fitness value is 1 and the worst one is 0. The

population size is 10. The lower and upper bounds of the link weights are defined as

Ozf,.g',a,.g,,gg,,ngzl,i=1,2, 10, /=1,2, ,10,g=12, ,15g=112, ,

15. The chromosomes of the GA process used are [J?ig[_ O So wg,] for all i, j,
g and g;. The initial values of the parameters inside the chromosome are randomly
generated. The number of iteration to train the neural networks is 2000. After
training, 30 samples of each graffiti pattern, which are obtained from the same person,
are used to test the performance of the trained NFNs. The testing process was done
by providing the 30 test patterns of a certain graffiti pattern to all the graffiti pattern
recognition networks as mentioned in Section 3.3.3. The recognition network
parameters which provide the highest fitness value after 5 runs of 2000-iteration
training will be chosen to perform the classification testing. The results are tabulated
in Table 5-2.  From this Table, it can be observed that the numbers of connected links
(rules) of the NFNs are reduced after training (each NFN has 150 rules initially). Fig.
5-8 shows the similarity values (which are defined by (3.14) in Chapter 3) given by
each trained NFN when 480 (30 for each type of graffiti pattern) testing graffiti
patterns are input to the NFNs. [t can be seen that the NFN trained by a particular
class of graffiti patterns will provide a smaller similarity values when other graffiti
patterns of the same class are input to that NFN. For example, in Fig. 5-8(a), the
similarity values of the first 30 testing graffiti patterns (numeric character ‘0 ) are

smaller, as that NFN is trained by 100 graffiti patterns of ‘0 .

Page 61



Chapter 5: Applications to electronic book and results

Neural-fuzzy Training No. of rule of the Testing Recognition
network fitness value network fitness value error rate (%)

0(a) 0.9986 80 0.9972 6.6667%
0(b) 0.9997 113 0.9595 0%
1 0.9978 89 0.9978 0%
2 0.9994 113 0.9990 0%

3 0.9995 109 0.9969 3.3333%

4 0.9988 92 0.9956 3.3333%

5(a) 0.9992 100 0.9974 3.3333%
5(b) 0.9985 103 0.9966 0%

6 0.9992 93 0.9948 6.6667%

7 0.9991 113 0.9989 3.3333%
B(a) 0.9995 108 0.9962 0%

8(b) 0.9997 98 0.9834 6.6667%
9 0.99%0 107 0.9987 0%
Back Space 0.9996 97 0.9976 0%
Return 0.99%96 113 0.9988 0%
Space 0.9995 91 0.9992 0%
Overall recognition accuracy 98%

Table 5-2. Results of the proposed self-structured NFNs for interpreting graffiti.
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Fig. 5-8. Similarity values given by the 16 self-structured NFNs for the 480 testing
graffiti patterns (30 for each type).

For comparison, a traditional NFN is also used as the graffiti interpreter. The
number of membership functions used by the traditional NFN is 15, which was
chosen arbitrarily. The improved GA with the same control parameters for the
proposed approach is employed to train the network. Five runs were done for each
training process again. The best training results and the corresponding testing results

are tabulated in Table 5-3.

Page 64



Chapter 5: Applications to electronic book and results

Neural-fuzzy Training No. of rule of the Testing Recognition
network fitness value network fitness value error rate (%)

0(a) 0.9995 150 0.9974 10%
0(b) 0.9950 150 0.9976 0%
1 0.9994 150 0.9950 0%
2 0.99%4 150 0.9987 0%

3 0.9995 150 0.9897 26.6667%

4 0.9997 150 0.9977 3.3333%

5({a) 0.9986 150 0.9962 6.6667
5(b) 0.9981 150 0.9740 33.3333

6 0.9993 150 0.9957 10%

7 0.9989 150 0.9890 6.6667%

8(a) 0.9996 150 0.9968 3.3333%

8(b) 0.9995 150 0.9928 13.3333%

9 0.9991 150 0.9987 6.6667%

Back Space 0.9996 150 0.9945 3.3333%

Return 0.9989 150 0.9945 3.3333%

Space 0.9996 150 0.9958 3.3333%
Overall recognition accuracy 92%

Table 5-3.  Results of the traditional neural-fuzzy networks for interpreting graffiti.

[t can be seen from Table 5-2 and Table 5-3 that the proposed approach provides
98% recognition accuracy while 92% recognition accuracy is obtained from the
traditional approach (using a traditional NFN with 15 membership functions). In
terms of the number of rules, the proposed approach uses not more than 113 while the

traditional approach uses 150 for recognizing 16 graffiti patterns.

5.3.4  Comparison between the Self-structured NN and the Self-structured NFN

The previous results illustrate that both the self-structured NN and the
self-structured NFN requires smaller numbers of links/rules than their corresponding
In order to compare the self-structured NN to the

traditional networks.

self-structured NFN, the 16 graffiti patterns recognized by the self-structured NFNs
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are also interpreted by the self-structured NNs. 50 training and 30 testing patterns
for each class of graffiti are used for the examination. Both approaches use a 16 x
10-input-10-output network structure as shown in Fig. 3-3 of Chapter 3. The number
of hidden nodes orf the self-structured NN is 11 and the number of membership
function used by self-structured NFN is 15, which are chosen arbitrarily. The results
in Table 5-4 and Table 5-5 were obtained from the best network-parameter-set after

traintng for five times, each with 2000 times of iteration.

Neural network Training No. of parameter for Testing Recognition
fitness value the network fitness value error rate (%)
0(a) 0.9976 218 0.9972 0%
O(b) 0.9976 205 0.9975 0%
1 . 0.9957 212 0.9959 0%
2 0.9963 216 - 09955 0%
3 0.9970 217 0.9951 3.3333%
4 0.9988 207 0.9967 3.3333%
5(a) 0.9985 204 0.9972 0%
5(b) 0.9980 147 0.9962 - 0%
6 0.9988 207 0.9958 10%
7 0.9963 , 177 - 0.9967 0%
8(a) 0.9985 212 ‘ 0.9961 3.3333%
3(b) 0.9986 220 0.9942 33.3333%
9 0.9932 212 0.9919 6.6667%
Back Space 0.9942 212 0.9882 6.6667%
Return 0.9948 214 0.9945 0%
Space 0.9972 204 0.9969 0%
Overall recognition accuracy 96%

Table 5-4. Results given by the self-structured NN.
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Neural-fuzzy Training No. of parameter for Testing Recognition
network fitness value the network fitness value error rate (%)

0(a) 0.9986 240 0.9972 6.6667%
o(b) 0.9997 339 0.9995 0%
1 0.9978 267 0.9978 0%
2 0.9994 339 0.9990 0%

3 0.9995 327 0.9969 3.3333%

4 0.9988 276 0.9956 3.3333%

5(a) 0.9992 300 0.9974 3.3333%
5(b) 0.9985 309 0.9966 0%

6 0.9992 279 0.9948 6.6667%

7 0.9991 339 0.9989 3.3333%
8(a) 0.9995 324 0.9962 0%

8(b) 0.9997 294 0.9834 6.6667%
g 0.9990 321 0.9987 0%
Back Space 0.9996 291 0.9976 0%
Return 0.9996 339 0.9988 0%
Space 0.9995 273 0.9992 0%
Overall recognition accuracy 98%

Table 5-5. Results given by the self-structured NFN.

From Table 5-4 and Table 5-5, we can see that the maximum number of

parameters used by the self-structured NNs is 218, while up to 339 parameters are

needed by one of the self-structured NFNs. The number of FLOPs for the

self-structured NN and the self-structured NFN are (187 ~ 258) and (880 ~ 923)
respectively. This indicates that the network of the self-structured NFN is more
complicated than the self-structure NN for recognizing the data patterns. However,
it also shows that using more parameters for generating good expert knowledge
(suitable choices of membership functions) might provide a better performance for
this application example. From these tables, the recognition accuracy (;f the

self-structured NN (96%) and the self-structured NFN (98%) are similar in values.

Thus, both networks are good for the graffiti interpretation application in the eBook
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environment. The above observation concurs with the qualitative comparisons

discussed in Chapter 3.

3.3.5 Comparison between the two proposed approaches and the commercial
software package

In order to evaluate the performance of the handwriting recognition developed

for the eBook reader, the two proposed approaches are also compared with a

commercial software tool used in PDAs. The patterns “0 to “9 are used for the

testing. During the tests, each handwritten pattern is sketched for 30 times by the

same person. The results obtained from the two proposed approaches and the PDA

are listed in Table 5-6.

eBook

Handwritten Patterns Self-structured NN Self-structured NFN FoA
0 100% 93% 94%

1 100% 100% 100%

2 100% 100% 93%

3 97% 97% 83%

4 7% 97% 0%

5 97% 97% 97%

6 93% 3% 97%

7 100% 93% 97%

8 67% 97% 93%

9 87% 90% 97%
Overall accuracy 94% 96% 94%

Table 5-6. Comparison of the performance of the proposed approaches and the
PDA software tool.

It can be seen that the overall recognition rate of the two proposed handwriting

recognition approaches are simtlar to that of the PDA software tool.  All approaches

can offer a success rate of higher than 90%.
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5.4 Cantonese Speech Recognition
5.4.1 Static Pattern Classification for Cantonese Speech Recognition System

The three proposed static pattern classification approaches in Chapter 4 are
applied to realize Cantonese-digit/Cantonese-command speech recognition systems.
The self-structured NFN is used to recognize 3 Cantonese-command speeches, the
variable-parameter NFN is applied to recognize 10 Cantonese-speech of decimal
digits, and the variabie-parameter NN is used to recognize 5 Cantonese-command
speeches. The merits of each proposed approach will be demonstrated by comparing
it with the traditional approach. The procedure taken by the speech recognition

system is shown in Fig. 5-9.

PCM, 11kHz, Speech vector
8-bit mono sample (time-domain) Speech frames

\.\Il-;ndowlmg Fast Fourier
( amming Transform Frequency
window} components

-+— ofthe

speech frames
Recognized Classification Mean feature Uniform
speech class network coefficients Filter-bank

Cantonese speech
commands

\.

Feature coefficients
of each speech frame

Fig. 5-9. Block diagram of the static pattern classification for Cantonese speech

recognition.

5.4.1.1 Feature Extraction Methodology
Speech signals are firstly recorded by the eBook reader through the microphone.
The record duration of each speech is manually controlled by the speaker. Thus, the

start-record button was pressed by the speaker when he starts to pronounce the
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Cantonese character and the stop-record button was pressed when the pronunciation
of the character finishes. The speech signals are recorded in mono, 8-bit PCM
format sampled at 11 kHz. Then the speech signal in time-domain s(z) is windowed
by 128-sample Hamming windows wh(-) with 50% overlap to form speech frames;

where

-

2rt
0.54—0.46003("1"5} 0<7<127
wh(t) =+ (5.4)
0 otherwise

The windowed speech signal will be transformed into the frequency domain using
Fast Fourier Transform (FFT). The real part of the frequency components at the »-th

speech frame is defined below.

sf, =[7,0) S£,0) - ,027)]= Re{FFT(wh(z)s, ()]},

0< 7< 127 (5.5)

where Re{-} denotes the real part of the argument vector, and s,(7) is the 7-th element

of the n-th speech frame.
A uniform filter-bank is then applied to process the speech frames in order to
retrieve the feature coefficients (one filter gives one coefficient.) This process done

by the uniform filter-bank can be described by the following equations:

20l0g,, 35, (p, +1-1)
- I=]

o

c?

n

, =12, ,no filter (5.6)
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o= ﬂoor(w—-l—?'—s—m] (5.7

no _ filter
Py =a(f-1, p=1,2, ,no filter (5.8)
D,=[c—c) clocl .. ce-fier o gre-per] (5.9)

where c” denotes the mean power of a speech frame generated by the fth band-pass

filter for the n-th frame, no_filter denotes the number of band-pass filter, a denotes
the number of the frequency components entering the band-pass filter, floor(-) denotes
the floor function which is used to round-up a floating point number; D, is a vector
formed by the magnitude differences between two consecutive band-pass filter
outputs of the n-th speech frame. The mean feature coefficients of all the speech
frames are calculated and normalized. They are the inputs to the neural network that

performs the template matching classification process.

3.4.1.2 Self-structured NFN

Three Cantonese characters, “/batl/” (%), “/daai6/” (0K) and “/zyu3/”” (&) (3
classes), are used to represent the eBook commands of “Pen”, “Zoom-in” and
“Annotation”. They are to be recognized by the self-structure NFN as discussed in
Chapter 3. 100 training patterns and 20 testing patterns for each command word are
recorded from a male speaker in a silent office environment. Using the method
mentioned in the previous sub-section, 20 feature coefficients are obtained from each
command word. A 20-input-3-output self-structure NFN is then used to classify the
three command words. The improved GA is employed to train the network using the

training patterns. The fitness function of (3.5) in Chapter 3 is used, where.
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err = (5.9

The first 100 training patterns correspond to the Cantonese word “%”, and the desired
output yg is [1 0 0). The next 100 training patterns correspond to Cantonese word
“X”, and the desired ohtp‘ut yzis [0 1 0]. The last 100 training patterns correspond
to the Cantonese word “Zf”, and the desired output y4 is [0 0 1]. The number of
membership functions for the network is changed from 4 to 10. The number of
iteration for training is 3000. After the training, the 60 testing patterns (3 Cantonese
words x 20) are used to test the performance of the self-structured NFN.  The fitness
values ana the errors are the indices of the network performance. The best training
fitness value and the number of parameters are obtained from 5 training processes,
and are tabulated in Table 5-7. The testing fitness values and testing errors for each

spoken word using the best parameter-set are tabulated in Table 5-8.

No. of mer:nbership 4 5 6 7 8 9 10
functions
fitness 0.9997 | 0.9997 | 0.9968 | 0.9991 | 0.9978 | 0.9992 | 0.9994
No. of parameters 164 206 245 286 326 368 " 408

Table 5-7. Fitness values and number of parameters of the self-structured NFNs.

No. %Z’;’;ﬁ“mp 4 5 6 7 8 9 10
fitness 0.8865 | 08765 | 09050 | 09008 | 09686 | 0.9611 | 0.8929

= fbatl/ 0 0 0 0 0 0 0

* | /daais/ 15 15 14 15 3 4 16

& fzyud/ 0 0 0 0 0 0 0

Table 5-8. Number of recognition errors and fitness values for the 3 Cantonese

command words (20 testing patterns for each command).
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For comparison, a traditional NFN trained by the improved GA is also used to do
the same job. The number of iteration for training is 3000. The results are

tabulated in Table 5-9 and Table 5-10.

No. of mer.nbership 4 5 6 7 P 9 10
Sfunctions
Sitness 0.9682 0.9504 0.9937 0.9903 0.9821 0.9922 | 0.9806
No, of parameters 172 215 258 301 344 387 430

Table 5-9. Fitness values and number of parameters of the traditional NFNs.

No. of mer_nber.s‘hip p 5 6 7 8 9 10
Sunctions
Fitness 0.8588 0.8844 0.8546 09144 0.9044 0.9333 0.9208
=23 /batl/ 0 0 0 0 1 1 0
PN /daai6/ 20 14 20 10 9 8 9
i lzyu3/ 0 2 0 0 0 0 2

Table 5-10. Number of recognition errors and fitness values for the 3 Cantonese
command characters using the traditional NFNs (20 testing patterns for each

command).

From the results, it can be seen that the best recognition accuracy is obtained
from the proposed approach when number of membership functions is 8. The
corresponding fitness value is 0.9978 for training and the recognition error is 3 out of
60 testing patterns. By using the same number of membership function of the
proposed approach to the traditional approach for comparison, the fitness value and
the number of error for the traditional approach is 0.9821 and 10 respectively. The
number of parameters of the self-structured NFN is 326, while 344 parameters are
needed by the traditional NFN. This indicates that the introduction of link switches
can reduce the size of the network structure but yet give a smaller recognition error

with the data sets provided above.
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5.4.1.3 Variable-parameter NFN

The Cantonese speech of the decimal digits ‘0 to ‘9 (10 classes) are.to be
recognized by the variable-parameter NFN discussed in Section 4.3.2, Chapter 4. 50
training patterns and 20 testing patterns for each digit are collected by a male speaker
in a silent office environment. The 20 feature coefficients for each of the speech
templates are obtained by the feature extraction methodology discussed early. The
network has 20 inputs and 10 outputs. The improved GA is employed to train the

variable-parameter NFN in order to maximize the fitness function of (3.5) in Chapter

3, where

$ Iy )-y )
err = =1 50]00 (5.10)

The total number of training patterns is 500. The first 50 training patterns
correspond to the Cantonese digit ‘1, and the desired network output ys
is [l 0000 O0O0O0O0 O] . Similarly, the next 50 training patterns
correspond to the Cantonese digit ‘2’, and the desired network output yu is
010000000 0], and so on. Different numbers of membership
functions are tried for the tuner and classifier NFNs. They are (3,5), (4,5), (5,5), (3,4)
and (5,3), where the first number in the brackets is the number of membership
functions used in the tuner NFN, and the second number is the number of membership
functions used in the classifier NFN. The number of iteration for training is 50000.
After the training, 200 testing patterns (10 Cantonese digits x 20) are used to test the
performance of the variable-parameter NFN. The fitness values and the errors are
the indices of the network performance. The training and testing fitness values
obtained from the best parameter-set after 5 runs of training are tabulated in Table

5-11.  The numbers of errors for testing the digit speech are tabulated in Table 5-12.
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No. of membership
functions (3.3) (43) (3.5} (3.4) (53)
Number of parameters 470 560 650 560 470

(50 training patterns for each digit)

Fitness value 0.9968 0.9963 0.9995 0.9969 0.9940

(20 testing patterns for each digit)

Fitness value 0.9818 0.9855 0.9952 0.9854 0.9675

Table 5-11. Fitness values under different combinations of numbers of membership

functions in the proposed NFN.

Membership functions combination

Digit | Syllable (3.5) (45 (5.5) (5.4) (5.3)
0(:) {lingd/ 5 5 0 13 4
(=) | fatl/ 1 i 1 1

2(=) fji6! 5 3 0 i 1
3I(=) /saaml/ 2 1 1 0 3
4 (I fseid/ 0 0 0 0 0
5(h) Ing3/ 2 | 0 0 1
6 (73) Muké/ 0 2 0 3 15
7(&) fcatl/ 5 3 0 0 13
8 (/\) /baat3/ 1 1 1 0 1
9 () fgau2/ I 0 0 1 1

Table 5-12.  Number of recognition errors for the Cantonese digits ‘0 - 9 given by
the variable-parameter NFN (20 testing patterns for each digit).

For comparison, traditional NFNs with different number of membership
functions trained by the improved GA are also used to perform the recognition. The
number of iteration is 50000. The results are summarized in Tables 5-13 and Table

5-14.
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No. of mer.nbership 9 /0 1 12 13
Sfunctions
No. of parameters 450 500 550 600 650
(50 training patterns for each digit)
Fitness value 0.9891 0.9930 0.9655 0.9957 0.9962
(20 testing patterns for each digit)
Fitness value 0.9626 0.9764 0.9895 0.98%0 0.9932

Table 5-13. Fitness values given by the traditional neural-fuzzy network.

Number of membership functions
Digit Syllable 9 10 i 12 i3
0(3®) Ning4/ 9 5 10 1 1
1{—) fjatl/ 2 2 2 1 1
2(Z2) fji6/ 3 2 2 1 1
3(=2) | /saaml/ 1 3 1 1 0
4 (I49) fseil/ 0 2 1 0
5(H) /ng5/ 2 1 0 0 2
6 (75) Nuk6/ 13 4 2 4 0
7(t) featl/ 14 4 0 0 0
8/ fbaat3/ 1 0 1 I 1
9(h) fgau/ 2 1 2 0 0

Table 5-14. Number of recognition errors for the Cantonese digits ‘0 - 9 given by
the traditional neural-fuzzy network (20 testing patterns for each digit).

From Table 5-12 and Table 5-14, it can be seen that only 3 misclassified patterns
are detected out of 200 testing patterns from the best network (5 tuner NFNs and 5
classifier NFNs), while 6 errors occur on using the best traditional NFN (13
membership functions). The number of parameters of both networks is 650.

In order to show the merit of the improved GA in training the proposed
neural-fuzzy network, the conventional back-propagation training algorithm has been
used to train the same network. The numbers of membership function are (5, 5),
which produce the best recognition performance as reported before. The number of

iteration and the fitness value for the back-propagation training aigorithm are 50000
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and 0.8 respectively. The convergence curves obtained from the best parameter-set

after 5 runs of the training process is shown in Fig. 5-10.

1R}

08
0.75¢
07 1 1 1 A 1. 1 i i A
o] 0.5 1 1.5 2 2.5 3 35 4 45 5
lteration no. x 104

Fig. 5-10. Comparison of convergence between the improved GA (solid-line) and
the back-propagation (dotted-line).

As shown in Fig. 5-10, the network trained by the back-propagation algorithm
saturated rapidly with a lower fitness value than the improved GA. This indicates
that the initial parameter of the back-propagation training scheme is not good, which
traps the network in a local optimum point during the training process. The
convergence curves .demonstrate that the improved GA is better than the

back-propagation in learning the training data sets provided.

5.4.1.4 Variable-parameter NN

Five classes of Cantonese characters, /batl/ (5F), /daai6/ (X), /zyu3/ (§f),
fsoeng5/ (L) and /haa5 ('F), are used to execute the “Pen”, “Zoom”, “Annotation”,
“Page Up” and “Page Down” functions in the eBook reader. The approach
discussed in Section 4.3.3, Chapter 4, is employed to recognize these five Cantonese

characters. 500 speech patterns (100 patterns for each word) are used as the training
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templates, and 150 speech patterns (30 patterns for each word) are used as the testing
patterns. The speech patterns are obtained by a male speaker in a silent office
environment. The speech signals are pre-processed to produce the feature
coefficients using the feature extraction methodology discussed early. They will be
used as the inputs of the proposed network.

The proposed variable-parameter NN has 5 inputs and 5 outputs. The training
process is performed by networks with two to five hidden nodes, i.e. i1 =2, 3, 4, or 5.

The improved GA is used as the training algorithm. The trained parameters

[;1,.]. H, @, o, Ay A,] for all i, j, g, k form the chromosomes of the GA
process. The number of iteration for training is 2000 and 5 runs have been done for
each training process. The lower and upper bounds of the parameter values are
chosen to be —10 and 10 respectively. The initial values of the parameters are

generated randomly before the training process. The training and the testing results

obtained from the best parameter-set out of the 5 runs are tabulated in Table 5-15.

A 2 3 4 5
No. of network parameters 39 58 79 102
Training (500 patterns)
Fitness value 0.9934 0.9974 0.9981 0.9985
Testing (150 patterns)
Fitness value 0.9829 0.9940 0.9925 0.9943
Error rate provided by the network (%) 3.3333 1.3333 1.3333 0.6667

Table 5-15. Results given by the variable-parameter NNs.

For comparison purpose, a traditional 3-layer fully-connected feed-forward
neural network trained by the improved GA is also used to do the same job. The
numbers of hidden nodes of the traditional neural network are chosen to be 3, 5, 7 and

9 such that the numbers of parameters are more or less the same as those of the
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proposed variable-parameter NNs. The training and testing results are tabulated in

Table 5-16.
No. of hidden nodes 3 5 7 9
No. of network parameters 38 60 82 104
Training (500 patterns)
Fitness value 0.9778 0.9841 0.9841 0.9849
Testing (150 patterns)
Fitness value 0.9632 0.9463 0.9493 0.9685
Error rate provided by the network (%) 6 18.6667 15.3333 4.6667

Table 5-16. Results given by the traditional neural networks.

From Table 5-15 and Table 5-16, we can see that the best result provided by the
variable-parameter NN is obtained when Ay = 5. It produces a recognition rate of
99.3%, and the testing fitness value is 0.9943. On the other hand, the highest
successful recognition rate offered by the traditional neural network is only 95.3% and
the corresponding number of hidden node is 9. Besides, the proposed NN requires
fewer parameters. As shown in Table 5-14, if we want a recognition error rate of
3.333%, the number of parameters of the proposed NN is 39. It is found that for the
traditional NN, 104 parameters are needed to produce a near value of recognition
error rate for the data sets provided above.

In order to show the merit of the improved GA, the back-propagation training
algorithm will be employed to train the proposed NN for comparison. The
convergence curves of the improved GA and the back-propagation under the proposed
NN with 5 hidden nodes (which give the best result) are shown in Fig. 5-11. The
training patterns for both algorithms are the same. The number of iteration and the

fitness value for the back-propagation algorithm are 2000 and 0.8 respectively.
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Fig. 5-11. Comparison of convergence between the improved GA (solid-line) and
the back-propagation (dotted-line).

As can be seen from Fig. 5-11, the improved GA provides a higher fitness value
than the back-propagation algorithm. The reason for the observation has been
discussed on the previous sub-section. The improved GA is thus more suitable for

the training patterns provided.

5.4.1.5 Comparison between the three proposed approaches

From the previous sub-sections, the three proposed networks are found to be able
to give higher performance than the traditional neural networks. In order to find the
best network for the application of static Cantonese speech recognition, the three
proposed approaches are also evaluated through applying them to two applications:

command speech application and digit speech application.
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A. Cantonese-command speech recognition

To compare the three proposed approaches, they are tested based on the same
application with the same conditions. The problem of recognizing five commands
speeches of “/batl/” (7%), “/daai6 (X), “/zyud/” (&), “/soeng5/ () and “/haa5/”
('F) is used, which has been discussed in Sub-section 5.4.1.4. 100 training patterns
and 30 testing patterns of each Cantonese character are used. The networks used
have 5 inputs and 5 outputs. The numbers of iteration for training the self-structured
NFN, the variable-parameter NFN, and the variable-parameter NN are 10000, 20000
and 2000 respectively. The results obtained from the best network parameters after 5

runs of the training process are summarized in Table 5-17 - 5-19.

No. of membership functions 4 3 6 7

No. of parameters after optimization 43 69 80 94

Training (500 patterns)

Fitness value 09349 | 09895 | 0.9902 | 0.9956
Testing (150 patterns)
Fitness value 0.9027 | 09612 | 09746 | 0.9754
Recognition rate (%) 78.6667 | 86.6667 90 92

Table 5-17. Results given by the self-structured NFNs.

hy ki, (3.3) (3,5} {5.3) (3,5)
No. of network parameters 105 155 155 225
Training (500 patterns)
Fitness value 0.9778 | 0.9813 0.99 0.9901
Testing (150 patterns)
Fitness value 09430 [ 09456 | 0.9583 | 0.9607
Recognition rate (%) 80.6667 | 83.3313 84.67 90

Table 5-18. Results given by the variable-parameter NFNs.,
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hy 2 3 4 5
No. of network parameters 39 58 79 102
Training (500 patterns)
Fitness value 09934 | 09974 | 0.9981 | 0.9985
Testing {150 patterns)
Fitness value 0.9829 | 0.9%540 | 0.9925 | 0.9943
Recognition rate (%) 56.6667 | 98.6667 | 98.6667 | 99.3333

Table 5-19. Results given by the variable-parameter NNs.

Comparing the recognition accuracy, the best results given by the self-structured
NFN, the variable-parameter NFN, and the variable-parameter NN are 92%, 90% and
99.3% respectively. Their corresponding numbers of parameters of the networks are
94, 225 and 102 respectively. The results demonstrate that all the 3 proposed
approaches can be successfully applied to recognize the 5 Cantonese-speech
commands with a recognition accuracy of over 90%. In addition, the
variable-parameter NN requires the smallest number of iteration and yet gives the
highest recognition accuracy for these application data sets.  The specific structure of
the variable-parameter NN has improved the learning ability in this application

example.

B. Cantonese-digit speech recognition

Thirteen Cantonese speeches of the numbers “0 to “10 , “12 and “20 are used
to test the performance of the three proposed approaches. The Cantonese-number
“0 to“l0 are single-syliable Cantonese speeches while, the Cantonese-number “12
and “20 are the multi-syllable Cantonese speeches, so the feature extraction stage for
these two digits are different from the single-syllable numbers. It will be explained
in Section 5.4.2. 70 patterns of each Cantonese-number (50 for training and 20 for

testing) are obtained to do the evaluation. The speech patterns are obtained from a
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male speaker in a silent office environment. The networks have
20-inputs-10-outputs for the eleven single-syllable numbers and 60-inputs-3-outputs
for the three multi-syllable numbers. In order to discriminate the single-syllable and
double-syllable speeches during testing, a decision stage has been employed. The
discrimination is done by checking the size of the feature vector. If the size of the
feature vector of the testing speech is equal to 20, the speech is classified as a
single-syllable speech; otherwise, it is classified as a double-syllable speech.

The numbers of iteration for training the self-structured NFN, the
variable-parameter NFN, and the variable-parameter NN are 13000, 50000 and 10000
respectively. The results given by the three proposed networks with the best network

parameters after 5 runs of the training process are tabulated in Table 5-20 — Table

5-25.
No. of membership functions 8 9 10 11 12
Opﬁf':ri?fo‘{'l‘g' fﬂgﬁ'ge‘e” 388/969 | 426/1036 | 486/1209 | 5281273 | 573/1395
Number Syllable No. of recognition errors
0(%) Nlingd/ 20 7 2 1 1
1(—) fjatl/ 1 0 0 1 0
2(3) A6/ 0 0 1 I 0
JI(=) /saam1/ 20 0 0 2 2
4 (M) /sei3/ 0 0 0 0 0
5(h) /ng5/ 20 19 0 0 1
6(7%) fuk6/ 3 4 4 4 3
7{&) featl/ 1 20 1 3 6
8{/\) /baat3/ 0 19 0 0 0
9 (L) /gau2/ 0 0 2 1 o
10 (-+) /sap6/ 0 0 0 0 0
12 (-+22) [sapb/ /ji6/ 0 0 0 0 0
20(Z=1) 1ji6/ fsapb/ 0 0 0 0 0

Table 5-20. Number of recognition errors given by the self-structured NFNs.
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N 8 9 10 11 12
Training Fitness 0.9850 0.9850 0.9993 0.9996 0.9984
Testing Fitness 0.9830 0.9796 {.9966 0.9947 0.9939
Recognition Performance (%) 75 735 96.2 95 95
Table 5-21. Performance of the self-structured NFNs.
h,h; (3.5) (4.5) (5,5) (5.4} (5.3)
No. of parameters for
“0-10 / 12820 470/1005 560/1140 650/1275 560/1140 470/1005
Number Syllable No. of recognition error
0(8) Ningd/ 5 5 0 13 4
1{(—) fjatl/ 1 1 ! 1
2{3) 1ji6f 5 3 0 1 1
3I(=) fsaam1/ 2 1 ! 0 3
4 (1Y) /seidf 0 0 ) 0 0
5 (%) Ing5/ 2 1 0 0 1
6 (75) NMuké/ 0 2 g 3 15
7{t) /catl/ 5 3 (/] 0 13
B(/\) /baat3/ 1 1 1 0 1
9 () /gau2/ 1 0 0 1 ]
10{(+) Isap6/ 0 0 0 0 0
12(+2) | /sap6/ fji6s 0 0 0 0 0
20(=+) /ji6/ /sap6/ 0 0 ¢ 0 0
Table 5-22. Number of recognition errors given by the variable-parameter NFNs.
hyh; (3,5) (4.5} {5,5) (3.4) (3,3}
Training Fitness 0.9978 0.9977 0.9992 0.9980 0.9965
Testing Fitness 0.9897 0.9924 0.9965 0.9916 0.9824
Recognition Performance (%) 91.3 93.5 98.8 92.7 83.8

Table 5-23.

Performance of the variable-parameter NFNs.
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hy 6 7 8 9 i
No. of parameters for
“0-10 / 12820 252/443 299/523 348/605 399/689 4521775
Number Syllable No. of recogniticn error
0% Nling4/ 4 0 3 0 2
1(—) fjatl/ 0 0 0 /] 0
2(Z) fji6/ 0 1 0 0 0
3I(Z) /saaml/ 1 0 1 ! 0
4 (M) sei3/ 0 0 0 /] 0
5(h) ng5/ 1 0 2 [/ 1
6 (73) Nuké/ 0 6 0 1 1
7 (L) /catl/ 1 1 0 ! 1
8(/\) /baat3/ 0 0 0 [/ 0
9(h) fgau2/ 2 1 1 ! 1
10 (1) /sapb/ 0 0 0 0 0
12(+2) /sapé/ fji6/ 0 0 0 0 0
200=1) {ji6/ /sap6/ 0 0 0 0 0

~ Table 5-24. Number of recognition errors given by the variable-parameter NNs.

h 6 7 8 9 10
Training Fitness 0.9978 0.9984 0.9985 . 0.9995 0.9995
Testing Fitness 0.9956 0.9951 0.9965 0.9979 0.9966
Recognition performance (%) 96.5 96.5 97.3 98.5 97.7

Table 5-25. Performance of the variable-parameter NNs,

From Table 5-20 to Table 5-25, we can see that the highest recognition rate given
by the self-structured NFN, the variable-parameter NFN, and the variable-parameter
NN are 96.2%, 98.8% and 98.5% respectively. The corresponding numbers of
parameters are 486/1209, 650/1275 and 399/689, where the first number is the
number of parameters used for recognizing the Cantonese-number “0 to “10 and the
second number is the number of parameters used for recognizing the
Cantonese-number “12  and “20 . The results indicate that the two

variable-parameter networks can well recognize the 13 Cantonese-digit speeches with
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over 96% accuracy under the data sets provided. One interesting observation from
the comparison results is that the recognition accuracy; of the Cantonese-number “4
and “S is higher than that of the other nine single-syllable numbers. This is because
there is no similar vowel of these two digits in these 11 numbers. Misclassifications
occur usually on “7 and “8 because of their common vowel “/at/” that is also found
in “1 . Besides that, Fhe two double-syllable Cantonese numbers produced high
recognition accuracy because a decision stage that discriminates the double-syllable
Cantonese numbers from the single-syllable Cantonese numbers has been added.
The two double-syllable Cantonese numbers can be classified accurately because the
information of “10 and *“2 are located differently in the feature vectors of “12 and
“20

The associative memory inside these networks can exhibit higher learning ability
than the self-structured NFN. Considering the number of iteration for training, the
variable-parameter NN shows the lowest value. Hence, it can be seen that the
variable-parameter NN performs the best among the 3 proposed networks on
recognizing mono-syllabic Cantonese speech patterns mentioned in this thesis. The
above observation concurs with the qualitative comparisons indicated by Table 4-1

and Table 4-2 of Chapter 4.

5.4.2 Dynamic Pattern Classification for Cantonese Speech Recognition

The results on using the dynamic pattern classification for Cantonese-digit
speech recognition will be reported in this sub-section. The dynamic
variable-parameter NN described in Section 4.4.1, Chapter 4, is used to recognize 11
single-syllable and 2 double-syllable Cantonese-digit speeches. Owing to the need
of considering the speech dynamic properties, the feature extraction and classification

processes are different from those of the static pattern classification approach
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mentioned in Section 5.4.1. The operation of the dynamic pattern classification for

Cantonese-digit speech recognition is shown in Fig. 5-12.

Elecirical Speech Signal
{sampled at 11kHz, 8-bit mono) Zero-mean Speech Veclar Speach Frames

Computer recorded Windowing
[ Speech J:D [ wavefile j::> [ (Hamming window) \;D

(~ Dynamic Variable-
parameter NN
4; \ (class 1)
Maximurn Fitness
[ Determinatar ] Mean

Zaro-crossing rate &
Energy detection

Voiced or unvoiced
speech groups

FFT and uniform
filter-bank applied to
each frame of each
group

(~ Dynamic Vanabla—
paramater NN
L (class N)

Mean raalure coefficiants
represanting each group

Frequaency components at each
frama of each speech group

Fig. 5-12. Block diagram of the dynamic pattern classification for the
Cantonese-digit speech recognition system.

5.4.2.1 Speech feature extraction methodology

The Cantonese speeches are recorded in the same way as mentioned in Section
5.4.1.1. The speeches are formatted in 8-bit PCM format sampled at 11 kHz. The
obtained time-domain speech vector s= [s(]) s2) - s(no_sample)] is then
windowed by the 128-sample sliding Hamming windows with 50% overlap to form
speech frames. The zero-crossing rate and speech energy have to be found in order
to determine the frames are voiced (or sonorant) or unvoiced (or non-sonorant). A
speech frame with a high zero-crossing rate but low speech energy level is defined as
the non-sonorant speech frame. Conversely, a sonorant speech frame will have a
high speech energy level but low zero-crossing rate. The process is defined as

follows.

128
E,=>s(m, +7)", n=1,2,  no_frame. (5.11)

=l
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127
Z":2 11282[3’(”’"+T)—55(m"+r+l)]’ n=12, .., no frame. (512)
X =1

m, =[64(n-1)), n=1,2, .., no_frame. (5.13)

wh =0
5.(7) :{ 1, when 5(7) > =1, 2, ..., no_sample. (5.14)

—1,whens(r) <0 ’ ’

where E, denotes the speech energy of the n-th frame; m, denotes the starting index of
the n-th frame; no_frame denotes the number of frames for a speech signal; Z, denotes
the zero-crossing rate of the n-th frame, no_sample denotes the number of time
samples of the speech (i.e. the number elements of the speech vector). As shown in
Fig. 5-13(1), Gi, G; and G; indicate the non-sonorant, sonorant and non-sonorant
region of a single-syllable Cantonese-digit speech. The starting speech frame of a
new group begins when the speech energy curve and the zero-crossing curve intersect,
provided that the group has more than six speech frames (i.e. a duration longer than
40ms); otherwise, no group change will take place. Therefore, the speech sample
shown in Fig. 5-13() gets three groups. Five groups are obtained from a
double-syllable Cantonese-number speech as shown in Fig. 5-13(ii). G, G; and Gs
are the non-sonorant regions with high zero-crossing rate and low speech energy level.
G, and G, are the sonorant regions with high speech energy level and low
zero-crossing rate. Since a pause has been added after the first syllable, (s is

obtained.

Fast Fourier Transform (FFT) and uniform filter-bank filtering are then

performed to each speech frame. The feature coefficients of each speech frame are

defined as follows.
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st, =[57,0) §,2) -~ ,028)|= Re{FFT[wh(z)s, ()]},

1< 7<128 (5.15)

20l0g,, 251, (9 +1wt(py +1)
f=1

c? = . B=12, |, no_filter (5.16)
a
2= 1<1<Z
a 2
wi(l) = (.17)
2(a—!+l), LIPIPP
a 2
128
a= — %2 5.18
ﬂoor[ no _ filter ) 19
py =05a(B-1), B=1,2, ,no_filter (5.19)
D, =[c2-c! clocl o oSt oot ] (5.20)

where Sf, denotes the frequency spectrum of the n-th speech frame; Re{-} denotes

the real part of the argument vector; FFT()) denotes the fast Fourier transform
function; s =[Sn(l) 5,(2) - sn(128)] denotes the n-th speech frame in
time-domain; wi(') denotes the triangular window; & denotes the number of freq.uency
components tackled by each band-pass filter; floor(-) denotes the floor function which

is used to round-up a floating point number; no_filter denotes the number of

band-pass filters; py denotes the starting index of the /+th band-pass filter; ¢/ denotes

the mean power output from the S3-th band-pass filter for the n-th frame; D, is a vector
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formed by the magnitude differences between two consecutive band-pass filter

outputs.

The neighbouring speech frames of the same nature, i.e. voiced/sonorant or
unvoiced/non-sonorant frames, are grouped together as shown in Fig. 5-13. The

mean feature coefficients of all the speech frames in the same group are calculated as

follows.
G‘?
2D,
scoeff, = ”“'G n=12, ,no_group (5.21)

n

where scoeff, denotes 7-th speech feature group; G, denotes the number of speech

frames in the n-th group; no_group denotes the number of groups that can be

segmented from the speech. Thus, the acoustic feature sequence of the speech can

be written as Sp =[scoeff, scoeff, --- scoeff up] , and each element vector is

then normalized as input to the dynamic variable-parameter neural network in

sequence to do the speech recognition.

B P b g RS Aveeen = e oo s i g e i i g st g

e, 'hﬁj o
3 £l 3 . B

‘

B ° - M =] # - G an
TG, ve— G, —» - G, el G, »5 G, + % G,

T
O

(1 (i)

(a) Time-domain speech waveform.
(b) Zero-crossing rate (solid-line) and speech energy (dotted-line) plots.
{c) Voiced/sonorant and unvoiced/non-sonorant speech groups.
Fig. 5-13. Speech acoustic feature groups of (i) a single-syllable Cantonese speech,
(ii) a double-syllable Cantonese speech.
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5.4.2.2 Dynamic variable-parameter NN

Eleven single-syllable Cantonese-number speeches (“0 to “I10 ) and two
double-syllable Cantonese-number speeches (“12 and “20 ) are used to test the
performance of the proposed network. The double-syllable Cantonese-numbers are
mainly used to test the sequential classification ability of the recurrent neural network.
The two double-syllable speeches (“12 and “20 ) are formed by two single-syllable
speeches (“2 and “10 ) in different sequence. Each speech is recorded by a single
male speaker in a silent office. 20 training patterns and 50 testing patterns of each
speech are used by the network.

One network is used to recognize one class of the Cantonese speech. The
configuration of the recognizer is similar to that shown in Fig. 3-3 of Chapter 3.
Each network has 24 inputs and 12 outputs. The network inputs are the 12 elements
of the current speech feature group and the 12 feedback signals of the previous-state
network outputs. The number of recurrent loops is determined by the number of
acoustic feature groups of the speech. The initial feedback values of the recurrent

neural network are all zero. The improved GA is used to train the network based on

the chromosome [,u,.j u, o, o, ul pp A, A forallij g gk The

£ .4
objective of the training process is to maximize the fitness function value as given by
(3.5), (4.12) and (4.13) of the previous chapters. The upper and lower bound of all
the parameters inside the chromosome are 2.0 and —2.0 respectively. The number of
iteration used for training is 2000, The initial values of the parameters inside the
chromosomes are generated randomly. Different combinations of the number of
hidden nodes for the tuner and classifier networks are tried in order to find the best
performance. These combinations are (3, 5), (5, 5), (5, 10, (10, 10) (10, 12) and (12,

12), where the first number in the brackets is the number of hidden nodes of the TNN
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(A7), and the second number is the number of hidden nodes of the CRNN (#;). The
results for the 11 single-syllable Cantonese-number speeches and 2 double-syllable
Cantonese-number speeches tabulated in Table 5;26 are obtained from the best
network parameters after 5 runs of training process. The overall performance given

by the proposed method is summarized in Table 5-27.

hihy {3.5) (5,5} (5,10) (010 | (1012) | (1212
No. of parameters 259 299 509 634 728 782
Number Syllable Recognition rate (%)
0= /lingd/ 84 98 92 88 96 84
1(—) fjatl/ 94 96 100 100 98 98
2(2) hi6/ 98 100 94 100 100 100
3(2) /saam1/ 92 88 88 90 86 86
4(M) /sei3/ 100 100 100 100 100 100
5(h) /ngS/ 98 100 98 100 100 100
6 (75) fluk6/ 92 92 94 100 98 88
7(t) featl/ 90 86 90 90 86 86
8(/\) fbaat3/ 86 80 72 94 90 68
9(h) /gau2/ 100 92 96 92 100 92
10 (+) /sap6/ 64 66 86 96 78 72
12 (1) | /fsap6/ /ji6/ o8 90 92 98 86 78
20(=-}) | fjié/ Jsap6/ 88 50 98 94 98 96

Table 5-26. Recognition rate for 11 Cantonese-number speeches and 2
double-syllable Cantonese-number speeches (test data).

By s (3.5) (5.5) (5.10) (10,10) (10.12) (12,12)

Recognition rate for

testing (%) 91.1 90.6 92.3 95.5 935 88.3

Recogllul‘lon l;ate for 98.5 99.6 98.8 96,2 99.2 93.8
training (%)

Table 5-27. Overall performance on testing and training for the 13
Cantonese-number speeches.

From Table 5-26 and Table 5-27, we can see that the best results are obtained

when (A, h2) = (10, 10). The recognition rate is 95.5% and the number of
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parameters is only 634. Even when the number of parameters is reduced to 259, i.e.
41% of that gives the best results, the recognition rate can still be over 91%. It
should be noted that some Cantonese numbers have the same vowel. For example,
the digits “1 , “7 , and “8 have the same vowel of /a/, and “6 and “9 have the same
vowel of /u/. By using the proposed network, the speech patterns mentioned above
can be discriminated from one another with a success rate of over 90%. Apart from
that, the sequence of the speech syllables can also be discriminated by the proposed
network. The recognition rates of four Cantonese -numbers “2 , “10, “12 , and
“20 are 100%, 96%, 98% and 94% respectively, despite the fact that their syllables
are similar. In short, both the static and dynamic features of the Cantonese speech
can be extracted and classified effectively by the proposed method.

[t is interesting to see that when the numbers of hidden nodes are set to (10, 12)
and (12, 12), the recognition rates drop to 93.5% and 88.3% respectively. The
numbers of parameters (728 and 782 respectively) could be too large that some
parameters might have introduced unnecessary information in that application
example.

In order to elaborate the merit of the improved GA training algorithm to the
dynamic variable-parameter NN, the back-propagation algorithm is used to train the
same network as a comparison. The comparisons are made to three of the dynamic
variable-parameter NN, those for the digits I, 7 and 8. These three digits have the
same vowel and are easy to be misclassified. A good training fitness value for each
digit can reduce the chance of misclassification. The convergence curves of the
improved GA and the back-propagation are shown in Fig. 5.14. The number of
iteration for the training is 2000. The number of hidden node combination for the

dynamic variable-parameter NN is (10, 10).
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Fig. 5-14. Comparison of convergence between the improved GA (solid-line) and the

back-propagation (dotted-line).

The convergence curves in Fig. 5.14 demonstrate that the improved GA learns
better than the back-propagation algorithm in the proposed network with the data sets
given. By using the back-propagation algorithm, the fitness value saturates rapidly
while the fitness values produced by the improved GA are increasing. Therefore, the
improved GA is more suitable than the back-propagation in training the dynamic

variable-parameter NN with the data sets provided in this thesis.

5.4.3 Comparison for Static and Dynamic Pattern Classification for Cantonese
Speech Recognition

The variable-parameter NN that gives the best performance for the static pattern

classification for Cantonese-digit speech recognition will be compared with the

dynamic variable-parameter NN proposed in the previous sub-section. Comparison

will be made in terms of the recognition ability for 13 Cantonese numbers and the
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number of parameters used by the classification network.

Based on the characteristic of the static pattern classification for Cantonese-digit
speech recognition mentioned in this thesis, one can say that it is not suitable for the
multi-syllable speech recognition problem. The reason is because the feature
extraction methods for the static and dynamic pattern classification approaches are
different. However if we do want to use the static pattern classification approach to
recognise multi-syllable speech, the feature extraction method for the dynamic pattern
classification could be employed. Thus, the input vector of the Cantonese-speech for
the static pattern classifier is formed by cascading the featurc groups. Again, 13
variable-parameter NNs are used. The number of iteration for the training is 2000
and 5 runs are done for each training process. The results for the 13

Cantonese-numbers on using the best network parameters are listed in Tables 5-28 and

5-29.

A by 55 6 6 7.7 88 99 10,10
Ne. gfgj‘]’g";‘;gs for | 4a3707 | s3oisa2 | 619/979 | 710/1118 | 8031259 | 89871402
Number Syllable Recognition rate (%)
0(F) /lingd/ 72 72 80 78 80 68
1 {(—) fjatl/ 94 90 92 94 92 92
2(Z) fji6! 98 100 100 100 98 98
(=) fsaam1/ 70 76 72 74 62 §2
4 (1) Isei3/ 100 100 100 96 100 100
5(H) ng5/ 100 98 98 o8 100 100
6 (75) /luk6/ 96 94 94 96 96 92
7(42) featl/ 96 92 92 94 92 92
8(/\) fbaat3/ 88 78 88 90 90 88
9 (L) /gau/ 64 84 78 78 88 90
10 (+) /sap6/ 96 92 84 96 100 100
12 (=) | /sap6/ fji6/ 82 80 84 82 84 82
20(=) | 46/ /sap6/ 100 100 100 100 100 100

Table 5-28. Recognition rate for the 13 Cantonese speeches (test data).
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hy,hy 55 6.6 77 8 8 99 10, 19
Recognition rate for
testing (%) 88.9 889 89.4 90.5 90.9 911

Recognition rate for
training (%)
Table 5-29. Overall performance on testing and training for the 13 Cantonese

speeches.

94.6 95.8 96.2 96.9 97.3 98.1

From the results shown in Table 5-28 and Table 5-29, the best performance of the
variable-parameter NN is produced when (h, ;) = (10, 10). The recognition
accuracy of the variable-parameter NN at this setting is 91.1% and its training

“accuracy is 98.1%. The number of parameters used for the network is 898 for each
single-syllable Cantonese-number speech network and 1402 for each double-syllable
Cantonese-number speech network.

By comparing the recognition accuracy of the static and dynamic pattern
classification approaches, the dynamic pattern classification approach produces higher
accuracy and needs fewer network parameters.  This is due to the fact that the size of
the input vector for the static pattern classifier is large. Also, when comparing the
network structure, the size of the feed-forward NN would be changed according to the
size of the input vector. Therefore, two values of the number of network parameter
are used. Besides that, since the feed-forward NN operates in parallel processing, all
the elements in the speech feature vector are processed at the same instant. As a
result, a larger network is needed. The above comparison shows that both the static
and dynamic pattern classification can recognize the 13 Cantonese-number patterns

used in this thesis with over 90% of accuracy.
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5.4.4 Comparison for Static Pattern Classification, Dynamic Pattern Classification
and Commercial Classification for Cantonese Speech Recognition

The performance of the static and dynamic pattern classification to obtain the
best result reported before will be compared with that of the commercial classification
product PenPower. All the testing patterns are the same speech files used the
previous tests. The training procedure of the PenPower is realized by reading three
articles provided by t.he- software. Afier the three articles have been read, the
software learns the speaking properties of the speaker, Then, the testing procedure is
done by playing back the recorded sound files for the software to recognize. 50
testing patterns are used for the test and the results of the 3 Cantonese speech

recognition approaches are listed in Table 5-30.

Variable-parameter . Dynamic .
Cantonese speech Syllable NN variable-parameter | Commercial
NN

0(%F) Ningd/ 68 88 88
1(—) fjatl/ 92 100 50
2(Z) lji6! 98 100 100
I(=) /saam/ 82 S0 88

4 (PY) fsei3/ 100 100 100
5(H) Ing5/ 100 100 100

6 (7%) Hluké/ 92 100 100

7 (1) fcatl/ 92 90 90
8{(/\) baat3/ 88 94 96

9 (h) fgau2/ 90 92 90
10 (+) /sap6/ 100 96 96
12(-+=) Isap6/ [ji6/ 82 98 100
20024 fji6f fsapb/ 100 94 98
Overall Performance (%) 91.1 95.5 95.2

Table 5-30. Performance comparison between the 2 proposed approaches and the
commercial approach.
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The recognition accuracy and the training scheme are taken into consideration.
The overall recognition accuracy for the variable-parameter NN, the dynamic
variable-parameter NN and the commercial recognition software are 91.1%, 95.5%
and 95.2% respectively. This indicated that the three Cantonese-number speech
recognitior; approaches can successfully recognize the testing speeches. Comparing
the training schemes of the three recognition approaches, the commercial recognition
software provides high flexibility. This is because users are only required to read 3
articles to enable the software recognizing all the Cantonese characters/words. The
two proposed approaches, on the other hand, require a vocabulary database (reference

templates) for each testing Cantonese speech.
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CHAPTER 6
CONCLUSION

6.1 Achievements

An electronic book (eBook) reader program has been developed to provide a
multimedia platform for eBook materials. Two main features in an eBook
environment are considered in this thesis: graffiti interpretation and Cantonese speech
recognition. Neural network techniques are applied in these two applications.

For the graffiti interpretation applications, a graffiti-to-command interpreter and
a graffiti-to-character interpreter have been develope_d. The graffiti command
interpreter employs a proposed self-structured neural network. Five eBook
commands, namely “Pen”, “Zoom”, “Annotation”, “Page Up”, and “Page Down”,
have been used to test the self-structured neural network. With the self-structured
neural network interpretation scheme, the structure of the neural network can be tuned
during the training process. Thus, the network structure can be reduced when the
network operates. Besides that, the number of network parameters of the proposed
neural network can be smaller than that of the traditional neural network. The
recognition performance of the self-structured neural network is found to have a good
result in our application examples.

A self-structured neural-fuzzy network has been developed to interpret graffiti
characters (digit “0 to digit “9 , “backspace”, “carriage return”, and “space”) for

the eBook applications. By employing the idea of the self-structuring again to a

Page 100



Chapter 6: Conclusion

neural-fuzzy network, the number of rules and the membership functions can be
reduced. A traditional neural-fuzzy network has also been applied for comparison.
The results show that the self-structured neural-fuzzy network can give good results
in the application examples of this thesis.

The above two proposed approaches have been evaluated by using the same
application (recognition of characters). The results show that both approaches can
successfully recognize all the testing patterns with high accuracy.

For the Cantonese speech recognition applications, the Cantonese-command
speech recognizer and the Cantonese-number speech recognizer have been
considered. Totally four approaches of Cantonese speech recognition have been
investigatled. The first approach for realizing the Cantonese-command speech
recognition uses the self-structured neural-fuzzy network. By implementing the
self-structured neural-fuzzy network again to recognize three Cantonese-command
speeches (“/batl -HE, “/daai6 - X and “/zyu3 -Zt), a good performance can be
obtained. This indicates that the proposed approach can be used in different
pattern-matching applications mentioned in this thesis,

The second approach for the Cantonese-command speech recognition employs
associative memory inside a proposed variable-parameter neural network. Five
Cantonese speech commands: “/bat1/” (-13), “/daai6 (K), “/zyu3/” (i), “/soengS/”
(), and “/haa$/” ('T), have been used.  With the specific structure of the proposed
network, the associative memory serves as a tuner neural network for another
classifier neural network. Because both the tuner neural network and the classifier
neural network process the same input, the parameters of the classifier neural
network can be adjusted by the tuner neural network according to the input patterns
during the operation. The search domain of the network can be enlarged. The

effects to the recognition performance brought about by the associative memory
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inside the variable-parameter neural network have been reported. The results are
compared with those from a traditional neural network.

For the Cantonese-number speech recognition, a variable-parameter
neural-fuzzy network has been employed. Ten single-syllable Cantonese digits
(digit “0 to “9 ) have been used. These ten single-syllable Cantonese digits are
then used again, together with the single-syllable Cantonese-number “10 and the
double-syllable Cantonese-number “12 and 20 , in a dynamic Cantonese-speech
recognition system. This system uses a dynamic variable-parameter neural
network. Both approaches utilized the idea of variable parameter again. The
static approach uses a feed-forward neural-fuzzy network as the classifier. The
dynamic approach uses a recurrent neural network as the classifier.  Both
approaches can achieve a better performance than the traditional approaches.
Results have verified that the proposed approaches can have a good learning and
recognition abilities of the Cantonese speech patterns provided in this thesis.

The first three approaches have been evaluated with two application examples:
recognizing five Cantonese-command speech and thirteen single-syllable
Cantonese-number speech. The results have shown that the variable-parameter
neural network performs very well in both applications.

On comparing the variable-parameter neural network to the dynamic
variable-parameter neural network in terms of recognition ability to the thirteen
Cantonese-number speeches, results show that the dynamic network exhibits a

superior performance.

Page 102



Chapter 6: Conclusion

6.2 Further Research

Large vocabulary and continuous-speech recognition approaches can be further
investigated. By using of the dynamic variable-parameter neural network reported
in this thesis, continuous speeches could be recognized. On further elaborating the
idea of associative memory, the number of recognized speeches could be increased.
In order to reduce the recognition load and complexity of the classification network,
the segmentation algorithm for the continuous speeches have to be explored.
Besides, introducing a discrimination network as a decision maker might further

improve the recognition performance.
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APPENDIX
IMPROVED GENETICALGORITHM

A.1 Introduction

Genetic algorithm (GA) is a directed random search technique [4, 31] that is
widely applied in optimisation problems [4, 31]. This is especially useful for
complex optimisation problems when the number of parameters is large and the
analytical solutions are difficult to obtain. GA can help to find out the optimal
solution globally over 2 domain. It has been applied in different areas such as
fuzzy control {15, 40, 41], path planning, greenhouse climate control [34], modelling
and classification [28], etc. A lot of research efforts have been spent to improve
the performance of GA.

The standard GA process [42] is shown in Fig, A-1. First, a population of
chromosomes is created. Second, the chromosomes are evaluated by a defined
fimess function. Third, some of the chromosomes are selected for performing
genetic operations. Fourth, genetic operations of crossover and mutation are
performed. The produced offspring replaces their parents in the initial population.
This GA process repeats until a user-defined criterion 1s reached. In this section,
the standard GA is modified and new genetic operators are mtroduced to improve 1ts
performance. The improved GA process is shown in Fig. A-2.  Its details will be

given as follows.
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Appendix: Improved Genetic Algorithm

A. Initial Population

The initial population is a potential solution set P. The first set of population is

usually generated randomly.

P={pl’p2""sppop_size} s (A.1)
Pi = [Pi, Py Py Pim_m] s
i=1,2, ,pop size;j=1,2, ,no vars, (A.2)
;:;arm!{lin <p; < pa;ralf’,'mx (A.3)

where pop_size denotes the population size; no_vars denotes the number of variables

to be tuned; Pi» i=1,2, ,popsize;j=1,2, ,no vars, are the parameters to

be tuned; para,{‘in and paral . are the minimum and maximum values of the
parameter p; respectively for all /. It can be seen from (A.l) to (A.3) that the

potential solution set P contains some candidate solutions p; (chromosomes). The

chromosome p; contains some variables p; (genes).
I

B.  Evaluation

Each chromosome in the population will be evaluated by a defined fitness
function. The better chromosomes will return higher values in this process. The

fitness function to evaluate a chromosome in the population can be written as,

fitness = £(p;) (A4)

The form of the fitness function depends on the application.

Page 105



Appendix: Improved Genetic Algorithm

C. Selection

Two chromosomes in the population will be selected to undergo genetic
operations for reproduction by the method of spinning the roulette wheel [42]. Itis
believed that high potential parents will produce better offspring (survival of the best
ones). The chromosome having a higher fitness value should therefore have a higher
chance to be selected.  The selection can be done by assigning a probability g; to the
chromosome p;:

_ S(p;)

g9, = pop _ size

T m)

,i=1,2, ..., pop size (A.5)

The cumulative probability ¢, for the chromosome p; is defined as,
éi = iqk ) l = l, 2: "':pop_s‘ize (A6)
k=

The selection process starts by randomly generating a nonzero floating-point '
number, d e [0 I] . Then, the chromosome p; is chosen if §,_; <d <g,
(4o =0). It can be observed from this selection process that a chromosome having a
larger f{p;) will have a higher chance to be selected. Consequently, the best
chromosomes will get more offspring, the average will stay and the worst will die off.
In the selection process, only two chromosomes will be selected to undergo the

genetic operations.

D.  Genetic Operations
The genetic operations [22] are to generate some new chromosomes (offspring)
from therr parents after the selection process. They include the crossover and the

mutation operations..
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1. Crossover

The crossover operation is mainly for exchanging information from the two
parent chromosomes p; and p;, obtained in the selection process. The two parents
will produce one offspring.  First, four chromosomes will be gencrated according to

the following equations,

S o,'m’m]=!’% (A7)

01:[03I ol ofm_m]=pmu(1—w)+max(p,,p2)w (A.8)
03,=[03, 032 ofm_m]=pmin(l-w)+min(pl,p2)w (A.9)
o ["f. s O:Mm]z(pm+pm;,,)(1—2W)+(pl+pz)w (A.10)
P =[parav,lmm paral - para:,‘;;"""‘] (A.11)

p.. =|para’, paral, - paraz:] (A.12)

where wel0 1] denotes the weight to be determined by users, max{p,,p,)
denotes the vector with each element obtained by taking the maximum among the

corresponding element of P and p2- For instance,
max(Il -2 32 3 1)=[2 3 3].  Similarly, min(p,,p,) gives a vector by

taking the minimum value. For instance, min(t -2 3}[2 3 )= -2 1].

Among 01, to O:,’ the one with the largest fitness value is used as the offspring of

the crossover operation. The offspring is defined as,
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0 s[o,] 0, o,w__l] =0, (A.13)

ios denotes the index i which gives a maximum value of f (°:, ) i=1,23 4.

If the crossover operation can provide a good offspring, a higher fitness value
can be reached in less iteration. In general, two-point crossover, multipoint
crossover, arithmetic crossover or heuristic crossover can be employed to realize the
crossover operation [42]. The offspring generated by these methods, however, may
not be better than that from our approach. As seen from (A7) to (A.IO), the
potential offspring after the crossover operation spreads over the domain. While

(A.7) and (A.10) result in searching around the centre région of the domain (a value of

w near to 1 in (A.10) can move ofc to be near E'Lj;_»ﬁ)’ (A.8) and (A.9) move the

potential offspring to be near the domain boundary (a small value of w in (A.8) and

(A9)canmove o] and o] tobe near pmax and puin respectively).

2. Mutation

The offspring (A.13) will then undergo the mutation operation. The mutation
operation 1s to change the genes of the chromosomes. Consequently, the features of
the chromosomes inherited from their parents can be changed. In general, various
methods like boundary mutation, uniform mutation or non-uniform mutation {42} can
be employed to realize the mutation operation. Boundary mutation is to change the
value of a randomly selected gene to its upper or lower bound.  Uniform mutation 1s
to change the value of a randomly selected gene to a value between its upper and
lower bounds. Non-uniform mutation is capable of fine-tuning the parameters by
increasing or decreasing the value of a randomly selected gene by a weighted random

number. The weight is usually a monotonic decreasing function of the number of
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iteration. In our approach, a different process of mutation is proposed. The details
are as follows. Every gene of the offspring o, of (A.13) will have a chance to mutate
governed by a probability of mutation, p, € [0 1], which is defined by the user.
This probability gives an expected number ( p,, x no_vars) of genes that undergo the
mutation. For each gene, a random number between 0 and 1 will be generated such

that if it is less than or equal to p,, the operation of mutation will take place on that

gene and updated instantly. The gene of the offspring of (A.13) is then mutated by:

o, +4o, if f(o,+A0] )2 f(o,-Ao/)

0, = k=1,2, ,no_vars (A.14)
" o, -4 iff(os+Aoz)<f(o,—Aoi)

where
a0’ =w, r(paral,, -o, ) (A.15)

aot =w, rlo, - pard",) (A.16)

ao? =fo 0 - AY - 0] (A.17)

Aot =0 0 o sk - 0] (A.18)

re [0 1] is a randomly generated number; w_ € (0 l] is a weight governing the

magnitudes of Ao.f.‘: and Ao_f; . The value of weight w, is varied by the value of
%, which is used for the fine-tuning purpose. 7 is the total number of iteration. In

order to perform a local search, the value of weight w_ should become small as %

increases in order to reduce the significance of the mutation. Under this requirement,

a monotonic decreasing function governing the w,  is proposed to be,
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W, =w,(1--;-J”' >0 (A.19)

where w, € [0 1] and w,> 0 are both variables to be chosen to determine the initial

value and the decay rate respectively. For a large value of wy it can be seen from
(A.15) and (A.16) that Ao’ =~ fr(para:m —05‘) and Ao/ = wfr(o_,' - para:ﬂn)

initially as (l—%]w' ~] which ensure a large search space. When the value of

T |¥ .
(I -—?) = 0, it can be seen that the values of Aof’ and Aof; are small to ensure a

3

small search space for fine-tuning.

E.  Reproduction

The reproduction process will take place after the genetic operation. The new
offspring will be evaluated using the fitness function of (A.4). This new offspring
will replace the chromosome with the smallest fitness value among the population if a
randomly generated number within 0 to 1 is smaller than p, € [0 1], which is the
probability of acceptance defined by users. Otherwise, the new offspring will
replace the chromosome with the smallest fitness value if the fitness value of the
offspring is greater than the fitness value of that chromosome in the population. p, is
effectively the probability of accepting a bad offspring in order to reduce the chance
of converging to a local optimum. Hence, the mechanism of reaching the global
optimum is kept.

After the operation of selection, crossover, mutation and reproduction, a new

population is generated. This new population will repeat the same process. Such

Page 110



Appendix: Improved Genetic Algorithm

an iterative process can be terminated when the result reaches a defined condition, e.g.
the change of the fitness values between the current and the previous iteration 1s less

than a given value, or a defined number of iteration has been reached.

A.2 Benchmark Tests

A suite of eight benchmark test functions [40] is used to test the performance of
the improved GA. Many kinds of optimisation problems are covered by these
benchmark test functions. They are divided into three main categories: unimodal
functions, multimodal functions with only a few local minima, and multimodal
functions with many local minima. Functions f; to f; are unimodal functions.
Function f£; is a sphere model which is probably the most widely used test function.
It is smooth and symmetric. The performance on this function is a measure of the
general efficiency of an algorithm. Function f; is a step function that 15 a
representative of flat surfaces. Flat surfaces are obstacles for optimisation
algorithms because they do not give any information about the search direction.
Unless the algorithm has a variable step size, it can get stuck in one of the flat
surfaces. Function f; is a quartic function, which is a simple unimodal function
padded with noise. The Gaussian noise causes the algorithm never getting the same
value at the same point. Many algorithms that do not do well in this function are due
to the noisy data. Function f; is a Schwefel’s problem. Each parameter affects the
overall performance deeply. Functions f; to fg are multimodal functions with only a
few local minima, and the dimension of each function is small. Function f; is a
Shekel’s foxholes function. Function f; is a Goldstein-price’s function. Functions
7 to_fz are multimodal functions with many local minima, and the dimension of each

function is comparatively large. Function S is a generalized Rastrigin’s function.
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Function f; is a generalized Griewank function. The eight test functions are defined

as follows,

X}, =512 <x, $5.12 (A.20)

i

£ )=

R

i

where n=30 and min( f;)= £,(0)=0. The fitness function for f; is defined as,

fitness =

_
1+ £, ()

fz(x)=iﬂoor(x,.+0.5)2, -5.12<x, £5.12 (A21)

i=|

where floor(-) is defined to round down the argument to an integer, » = 30 and min{f2)

=£(0) = 0. The fitness function for /> is defined as,

fitness =

1
+f2(x)'

f,(x)= z”:txf + random|0, 1), —1.28<x, <1.28 (A.22)

i=]

where random(-) is defined to generate a floating-point number between O and I, n =

30 and min(fs) = f3(0} = 0. The fitness function for f; is defined as,

|
1+ f,(x)

fitness =
/.(x) = maxfx,[1 <i<n},~100 < x, <100 (A23)

n =30 and min(f3) = f4(0) = 0. The fitness function for f is defined as,

fitness =

|
+ £, (x)
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1 2 1
£i0)=| oot
’ 500 fz=; j+ Z; (x,. - a,.j)

, —65.536<x, £65.536 (A24)

6

min(fs) = f5([-32, 32]) = 1,
-32 =16 0 16 32 =32 -- 0 16 32]

h L=
WhETE 4y (—32 ~32 -32 =32 =32 -16 - 32 32 32

The fitness function for f is defined as,

fitness = Tl(xj .

fox)=1+(x, +x, +1)° (19-14x, +3x] —14x, + 6x,x, + 3x3
6 2 ™2 2

,—2<x,x, £2

-[30 +(2x, -3x,) -(l 8—32x, +12x} +48x, —36x,x, +27x; )]
(A.25)

min(fs) = f6([0, —=1]) = 3. The fitness function for fs is defined as,

1
fitness = ———
-2+ f5 (x)

£,(®)= > [¥? ~10cos(22x, )+ 10], -5.125x, £5.12 (A26)

i=]

n =30 and min(f;) = f+(0) = 0. The fitness function for /7 is defined as,

fitness =

1
l'*'f?(x)'

] n 5 n x_
X)=—— S - cos| —= [+1, —600<x, <600 A27
fi(x) 0002 H (\ﬁ) x (A27)

n =30 and min(fg) = £1(0) = 0. The fitness function for f; is defined as,

fitness =

1
l+f3(x)'
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The improved GA goes through the above eight test functions. The results are
compared with those obtained by the published GAs with arithmetic, heuristic or
one-point crossover and non-uniform mutation, depending on which one gives the
best result in each time of iteration. For each test function, the population size is 10.
All the simulation results are averaged ones out of 50 runs.  All fitness functions are
normalized to lie between 0 and 1 so that the best fitness value is equal to one (fitness
= 1). The probability of acceptance (p,) is set at 0.1 for all test functions. The
simulation results (averaged, maximum and minimum fitness values, and the standard
deviation) of fi to f; obtained by the improved GA and the published GA, and the
number of iteration are tabulated in Table A-1. The parameter settings for them are
tabulated in Table A-2, All settings are chosen by trial and error through
experiments for good performance. The results of £ to f; obtained by the improved
G:A and the published GA are shown in Fig. A-2. It can be seen that the improved

GA performs more efficiently, and provides a faster convergence than the published

GA.
Procedure of the standard GA
begin
o0 / r. iteration number
initialize P{7) /f P(7): population for iteration t
evaluate f{P(D) i A P(D)y-fitness function
while (not termination condition) do
begin
>l
select 2 parents p, and p, from P(r1)
perform genetic operations (crossover and mutation)
reproduce a new (1)
evaluate P( 1)}
end
end

Fig. A-1. Procedure of the standard GA.
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Procedure of the improved GA
begin
=0 /l . iteration number
initialize P(r)  //P(7): population for iteration r
evaluate AP(7)) // AP(n)fitness function
while (not termination condition) do
begin
7]
select 2 parents p; and p, from P(r1)
perform crossover operation according to equations (A.7) - (A.10)
perform mutation operation according to equation (A.14) to generate the offspring os
// reproduce a new P{r)
if random number <p,  // p,: probability of acceptance
os replaces the chromosome with the smallest fitness value in the
population
else if flos) > smallest fitness value in P(+1)
os replaces the chromosome with the smallest fitness value

end
evaluate {P( D)}
end
end
Fig. A-2. Procedure of the improved GA.
Improved GA Published GA
No.
¢ Ave, Max, Min. | Standard | Ave. Max. Min. | Standard

0
. Fitness | Fitness | Fitness | Deviation | Fitness | Fitness | Fitness | Deviation
iters.

Si| 500 | 1.0000 | 1.0000 | 1.0000 | 0.0000 | 0.9998 | 1.0000 | 0.5984 | 0.0003
S| 500 | 1.0000 | 1.0000 | 1.0000 | 0.0000 | 0.8467 | 1.0000 | 0.3333 | 0.2377
Si| 500 | 0.9998 | 1.0000 | 0.9984 | 0.0004 | 0.9214 | 0.9649 | 0.8662 | 0.0239
Jfaj 5000 | 10000 | 1.0000 | 1.0000 | 0.0000 | 0.6169 | 0.697%9 | 0.5200 | 0.0450
fs | 500 [ 1.0000 | 1.0000 | 1.0000 | 0.0000 | 1.0000 | 1.0000 | 1.0000 | 0.0000
Jo | 1500 | 1.0000 | 1.0000 | 1.0000 [ 0.0000 | 0.8039 | 1.0000 | 0.0122 | 0.3963
JS3 | 4000 | 1.0000 | 1.0000 | 1.0000 | 0.0000 | 0.7193 | 0.9993 | 0.3319 | 0.2818
Ja | 1000 | 1.0000 ; 1.0000 | 1.0000 | 0.0000 | 0.8274 | 1.0000 | 0.2758 | 0.2196

Table A-1. Average fitness values obtained from the improved GA and the standard
GA for the benchmark test functions.
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Improved GA Published GA

W | Py wr W, b | pe ! Pm
fil01703]001 (001 5 [07] 09
SLlorjo2] 1 10 {01]07] 02
AH105]021001) 10 | 1 [08] 05
fi| 010301 | 0] 1 o8] 04
f|05|08]1 01 05| 5 [08]0.35
S |01]09F 1 [QO5| 1 [08] 09
SHlorjo1y1 01 |01} 1 |08] 01
LG0T 01 )01 |5 |08 01

Table A-2. Control parameters of GAs for the benchmark test functions.
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