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ABSTRACT

Sign Language is considered very important for the communication between
dump and deaf community and normal people. The development of computer
application and use of an Artificial Neural Network in many fields of life has
encouraged researchers to develop intelligent system that can facilitate the
communication with deaf people. The Artificial Neural Network has proved effacing
in many applications in scientific and social fields and has been introduced into the
sign language recognition. This work proposes the use of Back propagation for sign
language recognition system. This system try to recognition the sign of 10 numbers
from zero to nine, for each sign of number has been used 4 images for training and 4
images for testing in Artificial Neural Network system. There are three experiments
with the different images in this system, in the first and second experiments used
sketches, in the third experiment used real images. The system provides means for
training the input sign language and gesture images, then with other set of input for
testing the system and make the identification process. The training process will be
carried out by using a back propagation learning algorithm. Several experiments will
be carried out using different images in training and testing. The system
implementation will be simulated using Matlab programming software tool. The
result which are obtained are promising, While the best experiment achieving high
performance result with 97% identification rate and 84% accuracy. The other results

were obtained and discussed in chapter four in this thesis.

Keywords:
Artificial Neural Networks, Sign Language Recognition, Gesture Recognition, Finger

Spelling, Computer Application.
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OZET

Isaret dili, sagir ve dilsiz insanlarm normal kisilerin arasindaki iletisim i¢in cok
Onemili olarak nitelendirilmektedir. Bir¢ok alanda bilgisayar uygulamalarinin
gelistirilmesi ve yapay sinir aglannin kullanmimu, aragtirmacilari sagir insanlarla
iletisim kurabilmek i¢in akalli sistemler gelistirmeleri i¢in cesaretlendirmistir.
Yapay sinir aglant birgok bilimsel ve sosyal alanda etkinligini ispatlamistir ve Isaret
Dili Tammlamasi Sisteminde de kullamtmistir. Bu ¢ahsma, Geri Yayilmah Aglarin
Isaret Dili Tanimlamas: Sisteminde kullanidmassn Snermektedir. Sistem, sifirdan
dokuza kadar olan sayilarin tammlanmasint her rakam igin yapay sinir aglarinda 4
alistirma 4 de test resmi kullanarak denemektedir. Farkh resimler kullanarak 3 tane
deney yapilnugtir. {lk iki deneyde, isaretlerin gizimi, son deneyde ise gercek
gortintiileri kullamlmigtir. Ststem, alistirma i¢in igaret dili ve hareketlerim gins olarak
alp, test i¢in farkl isaretler ve hareketler kullanarak bunlarin tanimlanmasin:
saglamaktadir. Aligtirma islemi geri yayilmali 8grenme algoritmasi kullanilarak
yapilacaktir. Aligtirma ve test agamalarinda farkl: resimler kullanarak birgok deney
gerceklestirilecektir.

Sistem uygulamasi, Matlab yazilim araglan kullanilarak simule edilecektir. Elde

edilen sonuglar %97 tamimlama ve %84 hassasiyete ulagarak umut verici olmustur.

Anahtar Kelimeler: Yapay sinir aglari, igaret dihi tammlamasi, Hareket tammlama,

Bilgisayar uygulamasi, parmak hecelemesi
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CHAPTER ONE

INTRODUCTION AND LITERATURE REVIEW
1.1 INTRODUCTION

In computer recognition of spoken language, speech data is captured using a
microphone connected to an analog-to-digital converter. Similarly, a data capturing
device is required in order to recognize sign language, in this case measuring the
position and movement of the signer's hands. Until recently such technology did not
exist, but the growing interest in virtual reality has lead to the development of sensing
systems for measuring the movements of the human body, and in particular the human
hand. ‘

There are two separate sets of values which need to be measured for sign
language recognition (and also for many virtual-reality applications). The first is the
flexion of the individual joints of the fingers and wrist which define the posture of the
hand. The second is the spatial positioning and orientation of the hand as a whole. In
general different technologies have been used to measure these two sets of attributes.

The aim of this research is to develop intelligent system for the automatic

recognition of sign language, based on artificial neural networks techniques.
The research is motivated by two contrasting but complementary goals. The first is
that a sign language system would be potentially beneficial in aiding communication
between members of the deaf community and the hearing community. The second is
that the process of developing such a system using neural networks gives
opportunities for studying and extending the networks themselves.

The first motivating factor is the possibility of reducing the communications
barrier which exists between the deaf and hearing communities. The problems that
deaf people encounter in trying to communicate with the general community are well
documented. Moscovitz and Walton use the term deaf in two distinct senses
distinguished by whether the word is capitalized or not]1]. In its uncapitalized form
deaf refers purely to an individual's ability to hear, as it would be used in common
parlance. The capitalized form deaf is used to indicate the cultural aspects of being
deaf. This convention is also used within this thesis.

In many ways the deaf community is similar to an ethnic community in that

they form a subgroup within society, complete with its own culture and language (in



this case sign language). People who become deaf later in life after learning a spoken
language in general do not use sign language as much and are less involved in the
deaf community than those whose hearing loss occurred earlier in life. The inability to
hear means that many deaf people do not develop good skills in the English language
and prefer not to use it. This is because the sign languages most commonly used
within the deaf community are not grammatically related to English{2].

In addition very few hearing people have much knowledge of sign language,
and so communication between sign-language users and hearing people poses many
problems. For this reason the deaf community tends to be insular and somewhat
separate from the rest of society. When it is necessary to communicate with hearing
people (for example when shopping) signers often have to resort to pantomimic
gestures or written notes to communicate their needs, and many are uncomfortable
even in using notes due to their lack of English writing skills.

An automated sign language translation system would help to break down this
communication barrier (in much the same way that an automated English-to-French
translator would help Australian tourists visiting Paris to communicate). Ideally such
a system should allow signers to use their native sign language, as this language is an
integral component of deaf culture.

The aim of this thesis is not to develop a full sign language to English
translation system; such a task is too large and complex to attempt at this stage.
Instead the aim is to create a prototype system for the recognition of signs, and
developing techniques which could later be incorporated into a more complete
translation system: It is also envisioned that the system developed could be adapted
for use as étraining tool to aid hearing people attempting to learn sign language, And
the use of ANN system to solve this problem and similar problems that we face in our
hives. A large proportion of neural networks research has been performed on toy or
contrived problems which may bear little relevance to real-world tasks. Whilst this
rescarch has been invaluable in developing the basic techniques used in neural
networks, attempting to apply these techniques to a real problem is seen as likely to
produce new insights into neural network methodologies.

In particular the temporal component involved in signing forms a challenging
task for neural networks as the majority of research so far has been focused on purely
static problems. Attempting to address this aspect of signing aims to yield insights

into the methods of extending neural networks to this temporal domain.
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These twin motivating factors influence the directions taken during this
research, and are reflected in this thesis which addresses both the performance of the
final system for recognizing signs, and also the issues related to neural networks

arising from the development of this system.

1.1.1 Research Goals

Clearly the aims of this thesis also reflect the two factors motivating the work,
and try to develop sign language to English translation system; such a task is too
large and complex to attempt at this stage. Instead the aim is to create a prototype
system for the recognition of signs, and developing techniques which could later be
incorporated into a more complete translation system. It is also envisioned that the
system developed could be adapted for use as a training tool to aid hearing people
attempting to learn sign language, And the use of ANN system to solve this problem
and similar problems that we face in our lives, therefore need to be discussed

separately.
1.1.1.1 Sign Language and Gesture Recognition

One aim of this research is to improve on the results obtained by previous

work on hand-gesture and sign-language recognition. Existing systems have two main
shortcomings, namely a relatively small vocabulary and a capacity to recognize only
static hand shapes or simple motions. Development of the SLR system is focused on
improvements in these areas.
Previous systems have generally supported only a relatively small vocabulary (being
the number of signs or gestures recognized) and the size and contents of the
vocabulary are fixed. One of the main goals of this research is a desire to design the
system in a manner which will allow the vocabulary to be extended in the future
without requiring major modification of the system.

The second goal is to increase the complexity of the signs recognized,
particularly with regard to their motion component. The majority of the research into
hand-gesture recognition has concentrated on static hand configurations or very
simple motions, rather than the potentially complicated movements involved in Deaf

sign languages.



A further problem which has been rarcly researched is the automatic
segmentation of signs from within a continuous sequence of signing. Most systems
developed so far have dealt only with individual signs and therefore have not
addressed the issue of distinguishing the end of one sign from the start of the next
sign. The ability to handle continuous signing will be a fundamental quality of any
practical sign-language recognition system.

Although it is considered to be outside the primary scope of this thesis, a
possible method of tackling this problem arises naturally out of the development of
the system. Therefore some preliminary results are included amongst the discussion of
future work.
1.1.1.2 Neural Networks

The goals related to the use of neural networks are less easily defined in
advance, as it is not possible to anticipate the specific issues which would arise during
the development of the system. However there are some general issues which could
be seen as likely to be encountered during this development process.

The issue is the use of neural networks to recognize temporal patterns. As
described above one of the goals related to gesture recognition is the recognition of
complex hand motions, and therefore it is necessary to consider how neural networks
can be extended from the relatively well explored domain of spatial pattern processing

to handle spatiotemporal patterns.

1.1.2 Thesis Layout
The chapters of this thesis can be divided into four logical sections.

Chapter One Introduction and Literature Review, In this chapter discuss what
sign language, what is its history, how they have cvolved and how they have
developed , who use them, how to deal with technology and how computers that

distinguishes it and translate them into the language of normal humans.

The second chapter Artificial Neural Network: In this chapter discuss What
artificial neural networks when and how It found , how they developed, How can you
help us to solve some problems such as the problem of discrimination signals deaf and

dumb, also discussed back propagation function and what work in the system.



Third Chapter system Discussion: In this chapter discuss system recognition
signals the deaf and dumb in detail by using ANN and the back propagation function
specifically, And we can see a selection of images database and the general structure
of the system.

The fourth chapter discuss the results that were obtained from experiments

carried out in this system.

1.2 LITERATURE REVIEW

1.2.1 Overview

In this chapter an explanation of history of sign language. Explain the term
of the sign language and its importance, the problems that are faced in this kind of
language, the areas that could be used in. In this chapter we also explaining the
kind of sign language and Structural components of signs. Also the natural
language and its representation in sign, Sign language in different communities,
American and British sign language. Facial Action Coding System will be explain
and one of the most common story of learning sign language to the animal, finally

object recognition.
1.2.2 Introduction to Sign Language

Sign language is a language that uses hand signals, hand gestures, body
language and lip patterns instead of sound to convey meaning; simultancously
combining hand shapes, orientation and movement of the hands, arms or body and

facial expressions to express fluidly a speakers thoughts[1].

Sign language is a form of manual communication which has developed as an
alternative to speech amongst the deaf and vocally impaired. Although many deaf
people can speak clearly (particularly those whose hearing impairment was acquired
after early childhood) and can use skills such as lip-reading when communicating
with hearing people, such methods of communication are generally inappropriate for
communication within the deaf community. Therefore the hands have become the

primary means of communication within these communities[2].



1.2.3 History of Sign Language

Sign language, specially formulated for the deaf people, makes use of finger
spellings, body language, lip pattern and manual communication, to convey the
meaning. It mainly involves the use of orientation and movement of hands. The
language can be taught only by a person who is specially trained in it. Today, the
differently-abled people can communicate to the rest of the world as easily and
effectively as the able bodied. The credit goes to the sign language, which was
developed many years ago. following lines and get some interesting information on
the background, origin and history of sign language following [3]. The origin of sign
language can be traced back to the beginning of the Christian era, when illustrations
of hand and finger positions were used to convey the meaning of different words. It is
believed that sign language was used in Latin Bibles of the 10th century. However,
the recorded history of the language dates back to the 17th century only. In 1620, Juan
Pablo Bonet, a Spanish priest, published a book named "Reduction of Letters and Art
for Teaching Mute People to Speak”. This was regarded as the first modern treatise of
Phonetics and Logo podia. It established oral education for the deaf and the dumb
[4].The manual signs, mentioned in Bonet's book, came to be used for teaching the
deaf and dumb people. Inspired by the sign language of Bonet, Charles-Michel de
I'Epée published a book, containing the alphabets, in the 18th century. The first public
school for deaf children was established in 1755, in Paris, by Abbé de I'Epée. Through
his organization, Abbé intended to help the deaf communicate with the rest of the
world, by using gestures, hand signs and finger spellings. After learning the signs that

were already prevalent in Paris, Abbé developed his own sign system[5].

Another important development in the history of sign language came with the
establishment of the first permanent American School for the deaf in Hartford,
Connecticut. It was founded by Thomas Hopkins Gallaudet, in the year 1817. Forly
years later, in 1857, Gallaudet's son, Edward Miner Gallaudet, founded a school for
the deaf, in Washington, DC. The school came to be known as Gallaudet University
in 1864. This further strengthened the education process of the deaf and dumb

people[3].

Today, there are a number of sign languages prevalent in the world. The deaf

communities across the world communicate differently, through their own version of



sign language. One of the most popular sign languages is the American Sign
Language (ASL), which is prevalent in the United States as well as some areas of
Mexico and Canada. There also exists an International Sign Language, which, as the
name suggests, is used at used at international meetings, such as the World Federation

of the Deaf (WFD), as well as informally, when traveling and socializing[6].

The hands are also widely utilized during communication between the vocal
community, with gestures often used to augment speech. However such gestures bear
very little similarity to the signs that make up sign language. First these gestures serve
only an auxiliary role, rather than being the primary focus of communication as they
are in signing. Second such gestures have no defined meaning, but instead are
interpreted in the context of the accompanying speech. In contrast the hand gestures
used in sign language are highly formalized, with each gesture having a defined
meaning, in much the same manner as the spoken or written word. This allows the
construction of sign-language dictionaries in which each sign of the language is
equated to one or more words in a spoken language (which are known as the gloss of

that sign)[7].

Hence a sign language consists of a vocabulary of signs in exactly the same
way as a spoken language consists of a vocabulary of words. No one signer will be
familiar with all of the vocabulary, and there may be regional variations in the
formation or meaning of signs, similar to the variations of dialect and accent found in
spoken languages. In addition to this vocabulary of signs, a sign language usually
provides a means of spelling words for which there is no equivalent sign in common
usage, such as people's names or places. Signs exist for well known places (such as
major countries and local cities), but may not exist (or not be known) for places less
commonly referred to, such as cities in another country. In this case the signer will
spell out the written version of the place name on their hands. Such finger spelling
systems (or manual alphabets) consist of a distinct hand position or gesture for each
letter of the alphabet. These systems are a much slower means of communication than
regular signing and hence are used only when necessary, and are often accelerated by

the deliberate omission of some letters from the word being spelled|6].



A common assumption of people unfamiliar with Deaf culture is that a single
international sign language is used by all signers. In fact the manual languages are
even more fragmented than vocal languages, with distinctly different sign languages
being used in countries with the same spoken language. For example, English is the
primary spoken language in Australia, the United Kingdom and the United States of
America but three independent sign languages are in comumon use in these countries
(Auslan, British Sign Language (BSL) and American Sign Language (ASL)

respectively)[7].

As well as using different signs, different sign languages will often use
alternative manual alphabets as well. For example the manual alphabet used in
conjunction with ASL involves only a single hand, whereas the finger spelling system

used in Australia is two-handed|5].

Even within a single country it is quite common for two or more manual
languages to be in use. For example in Australia both Auslan and Signed English (SE)
may be used. These languages are representatives of two different approaches to
manual communication, and the distinction between them is of some interest when

developing an automated sign recognition system.

Signed English is a manual representation of the English language. Each sign
in SE corresponds to an English word, and standard English grammar is used. Hence
SE has basically the same relationship to spoken English as does written English — it

is a different representation of the same language.

The use of signing has many uses from air traffic control and sports to
communicating with babies. Sign language as a replacement for oral language has
developed in deaf communities, people who are hard of hearing and their and friends

and families[8].

There is no common sign language and every deaf community has its own
variation of the language, each language has complex grammar and is remarkably
different from the grammars of spoken languages. Hundreds of sign languages are in

use around the world.



Sign language has not directly descended from spoken language there is not a
direct mapping between sign language and an object or meaning in an oral language

also though there are some trivial examples[9].

There are such sign languages that have mappings between hand signals and
words in spoken languages such as Signed English. The use of this type of sign
language is not enough to be used as a communication tool and is often the first image

people have when they think of sign language; sign language 1s far more complex.
1.2.4 Structural Components of Signs

Although primarily a manual language, signing also relies on non-manual
features such as facial expression and body language to provide some of the subtle
nuances which make human communication so expressive. Facial actions such as
raising of the eyebrows, smiling or puffing out the cheeks can modify the meaning of
the sign being performed, in much the same manner that variations in the voice or use
of coverable gestures alter the meaning of words being spoken. Interpretation of
subtle variations such as these was felt to be beyond the scope of this project, and

therefore only the manual components of signing will be considered in this thesis[10].

Individual signs may involve the use of one or both hands. If only one hand
is required, the same hand will consistently be used by a particular signer and this is
referred to as their dominant hand. The majority of signers are right-hand dominant
and therefore all illustrations and examples used in this thesis will also use the right
hand. Similarly the choice of sensing device used for this research restricts the SLR
system to recognition of signs performed by right-handed signers. However the
system could easily be adapted to a left-handed user if the appropriate sensing
technology was available by the addition of some simple pre-processing of the input

data to the SLR system.

The signs depicted illustrate the possible combinations of one and two hands that
may be used in signing. Water uses only a single hand. Upward demonstrates both
hands performing the same action, whilst shelf illustrates the hands making
symmetrically-opposite movements. In iceskating both hands perform the same
motion, but at alternating times. In bully the subordinate (left) hand serves as a base

for the dominant (right) hand|[9].



Analysis of individual signs indicates that their manual component can be
described in terms of four features the hand shape, orientation, place of articulation

and motion.

Hand shape refers to the position of the joints of the fingers and wrist. Each
sign language uses its own distinct set of hand shapes, although the physical structure
of the hand means that the majority of hand shapes are common to most

languages[10].

Orientation is the angle of the hand with respect to some fixed plane.
Generally the different orientation possibilities are described by defining the
relationship between the signer's hand, and the body (eg weigh has the palm facing

upwards and fingers pointing away from the body)[11].

The place of articulation (or location) of a sign refers to its spatial location
with respect to the signer's body. Signs can be made on or near particular parts of the

body, or in the space in front of the chest which is referred to as neutral space.

Motion is the most complex aspect of a sign to describe, as it can consist of
variation over time in any of the other three aspects. A sign may involve a transition
from one hand shape to another (eg ten), or wiggling of the fingers while maintaining
the same basic hand shape (eg piano). The orientation may change either through a
single twisting of the wrist (eg air) or through repeated twisting (eg helicopter).
Movement from one place of articulation to another, or through neutral space is a
common component of signs (eg elephant). Signs may also incorporate more than one
of these motions (eg the sign for involves a change in both hand shape and

orientation).
1.2.5 Natural Language

In order to understand and appreciate what Sign Language has become we
first need to look at language in general. Sign language as with other languages e.g.
English, Spanish are natural languages, natural languages are languages that have

evolved over time rather than being formally constructed for a purpose.
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Oral and Sign language can be thought of as natural phenomena where the
use of the language has evolved through a common need in a culture. The act of oral,
written or hand gestured language is both part of the language and the medium to

which it is conveyed.

Oral language has been around for tens of thousands of years and the first

form of written language was cuneiform[12].

Language is a dynamic set of visual, auditory, or tactile symbols of
communication and the elements used to manipulate them. Language can also refer to
the use of such systems as a general phenomenon. Language is considered to be an
exclusively human mode of communication; although other animals make use of quite
sophisticated communicative systems, none of these are known to make use of all of

the properties that linguists use to define language[13].
1.2.6 Properties of Language

A set of commonly accepted symbols is only one feature of language, all
languages must define the structural relationships between these symbols in a system
of grammar. Rules of grammar are what distinguish language from other forms of
communication. They allow a finite set of symbols to be manipulated to create a

potentially infinite number of grammatical utterances[14].
1.2.7 Sign Language in Different Communities

In this section we will look at Sign Languages from different communities, in

the hope to discover common characteristics that can be exploited.

The scope of this investigation will give a description of each language and its
Finger spelling counterpart it will not investigate the actual signing language being

used as this is not needed for the project scope.

1.2.7.1 American Sign Language (ASL)

kd

American Sign Language (ASL) is the dominant sign language of the Deaf
community in the United States, in the English-speaking parts of Canada, and in parts
of Mexico. Although the United Kingdom and the United States share English as a

11



spoken and written ]Janguage, British Sign Language (BSL) is quite different from
ASL, and the two sign languages are not mutually intelligible[15].

ASL is a natural language as proved to the satisfaction of the linguistic
community by William Stokoe, and contains phonology, morphology, semantics,
syntax and pragmatics just like spoken languages. It is a manual language or visual
language, meaning that the information is expressed not with combinations of sounds
but with combinations of hand shapes, palm orientations, movements of the hands,
arms and body, location in relation to the body, and facial expressions. While spoken
languages are produced by the vocal cords only, and can thus be easily written in
linear patterns, ASL uses the hands, head and body, with constantly changing
movements and orientations. Like other natural sign languages, it is three
dimensional” in this sense. ASL is used natively and predominantly by the deaf and

hard-of-hearing of the United States and Canada.
1.2.7.1.1 Finger Spelling

ASL includes both finger spelling borrowings from English, as well as the
incorporation of alphabetic letters from English words into ASL signs to distinguish
related meanings of what would otherwise be covered by a single sign in ASL. For
example, two hands trace a circle to mean a group of people. Several kinds of groups
can be specified by hand shape: When made with C hands, the sign means class,
when made with F hands, it means ‘family’. Such signs are often referred to as
initialized signs because they substitute the first initial an English word as the hand

shape in order to provide a more specific meaning [16].
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Tt Uu VVWW XX y Zz

Figure 1.1 ASL Finger Spelling Hand Shapes

When using alphabetic letters in these ways, several otherwise non-phonemic
hand shapes become distinctive. For example, outside finger spelling there is but a
single {ist hand shape, with the placement of the thumb irrelevant, but within finger
spelling the position of the thumb on the fist distinguishes the letters A, S, and T.
Letter-incorporated signs which rely on such minor distinctions tend not to be stable

in the long run, but they may eventually create new distinctions in the language.

Finger spelling has also given way to a class of signs known as loan signs or
borrowed signs. Sometimes defined as lexicalized finger spelling, loan signs are
somewhat frequent and represent an English word which has, over time, developed a
unique movement and shape. Sometimes loan signs are not even recognized as such
because they are so frequently used and their movement has become so specialized.
Loan signs are sometimes used for emphasis (like the loan sign #YES substituted for
the sign YES), but sometimes represent the only form of the sign (e.g., #NO).
Probably the most commonly used example of a loan sign is the sign for NO. In this
sign, the first two fingers are fused, held out straight, and then tapped against the
thumb in a repeated motion. When broken down, it can be seen that this movement is

an abbreviated way of finger spelling N-O-N-O. Loan signs are usually glossed as the
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English word in all capital letters preceded by the pound sign(#).Other commonly
known loan signs include #CAR, #JOB, #BACK, #YES, and #EARLY .

1.2.7.2 British Sign Language (BSL)

British Sign Language (BSL) is the sign language used in the United
Kingdom (UK), and is the first or preferred language of deaf people in the UK; the
number of signers has been put at 30,000 to 70,000. The language makes use of space
and involves movement of the hands, body, face and head. Many thousands of people
who are not Deaf also use BSL, as hearing relatives of Deaf people, sign language

interpreters or as a result of other contact with the British Deaf communityf17].
1.2.7.2.1 Relationships with Other Sign Languages

Although the United Kingdom and the United States share English as the
predominant spoken language, British Sign Language is quite distinct from American
Sign Language (ASL). BSL finger spelling is also different from ASL, as it uses two
hands whereas ASL uses one. BSL is also distinct from Irish Sign Language (ISL)
(ISG in the ISO system) which is more closely related to French Sign Language (LSF)
and ASL. It is also distinct from Signed English, a manually coded method expressed

to represent the English language.

The sign languages used in Australia and New Zealand, Auslan and New
Zealand Sign Language, respectively, evolved largely from 19th century BSL, and all
retain the same manual alphabet, grammar, and similar lexicon. BSL, Auslan and
NZSL together may be called BANZSL. Makaton, a communication system for
people with cognitive impairments or other communication difficultics, was originally
developed with signs borrowed from British Sign Language. The sign language used
in Sri Lanka is also closely related to BSL despite the spoken language not being

English, demonstrating the distance between sign languages and spoken ones]18].

BSL users campaigned to have BSL recognized on a similar level to Welsh,
Scottish Gaelic, and Irish. BSL was recognized as a language in its own right by the
UK government on 18 March 2003, but it has no legal protection, so therefore is not

an official language of the United Kingdom[17].
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Usage

BSL has many regional dialects. Signs used in Scotland, for example, may not
always be understood in southern England, and vice versa. Some signs are even more
local, occurring only in certain towns or cities (such as the Manchester system of
number signs). Likewise, some may go in or out of fashion, or evolve over time, just

as terms in spoken languages do [18].

1.2.7.2.2 Finger Spelling

BSL finger spelling is also different from ASL, as it uses two hands whereas
ASL uses one [17].
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Figure 1.2 British Sign Language Finger Spelling Hand Shapes
1.2.7.3 Sign Language vs Oral Language

Most signers use the hands, shoulder and face simultaneously though the
shoulders are not mnvolved in complex movement and the facial expressions though
extremely complex are a trivial matter to categories, they will be discussed later in

Facial recognition and FACS. Why is the spoken language different to sign language?
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The English spoken language like most oral languages is a linear language,
sentences are structured using words that donate sounds and these are chained

together[19].

Speech is then controlled using grammar much like written grammar used in
written languages, then speech is broken down into VESPA (Volume, Echo, Speed,
Pitch, Attenuation) changing the level of these can change the meaning how the words

should be interpreted.

Using the sentence below as an example, The road was very wet and narrow this
sentenice has the road and 2 adjectives wet and narrow both those words describe the

road and come after one another linearly.

When spoken they also have to be pronounced one after the other though the
VESPA changes depending on the context, as seen there is a direct relationship

between writing and speaking that sentence.

When the following sentence wants to be signed the adjectives can be
communicated at the same time, this is non linear and ailows for communication of

certain words to occur in parallel.

The words wet and narrow are communicated at the same time not one after the
other. This allows sign language to be one of the most efficient methods for

communication it is far more efficient then English and other oral languages.

It can be said that a new word meaning wet and narrow could be made in
English and used to improve efficiency but that is not the point, the point is that sign
language has no direct translation to a spoken language (More evidence of this will be

given in Washoe) [20].

They are 2 completely different forms of communication, the one thing they do
have in common is they are both used in the same environment ,they both convey the

same meaning, be it the environment, feels or things.

This is why an interpreter can be used to bridge the gap between sign and
spoken languages, sign language should be seen as something much more than a

language used by the deaf and hard of hearing [19].
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1.2.8 Facial Action Coding System (FACS)

We can make a facial expression of an emotion without even thinking about it,

facial expressions help compose Sign Language.

If most facial expressions are emotions (The face can make roughly 10,000
facial expressions about 3,000 of these are meaningful ) then is their some way to
catalogue these emotions, to pick out what emotions occur to complement which

signs being made?

In the research I have carried out, Not come across any studies or publications
which label or number the facial expressions as used specifically in sign language.
The first step to creating a mapping between facial expressions that are emotions to

signs would be to catalogue emotional facial expressions [21].

The Facial Action Coding System (FACS) was developed by Paul Ekman and
Silvan Tomkins in the1960’s, they developed a way to read people's faces by reading
their expressions. They could tell if somebody was telling the truth just by looking at
their face. They then created a taxonomy of facial expressions, there are over 10
thousand different facial configurations (some facial expressions cannot be made
violently) most of the faces done make sense and are just made by children. Qut of the
10000 facial configurations about 3000 mean something. It can then easily been seen
that a sign could be separated into the timing and sequence of the faces action unit

[21].

Is Sign Language Distinet to Humans?
During the study of Sign Language we have assumed that it was practiced
purely by Humans, could a broader look at this widen our understanding?. Is the

problem of sign language through human interpretation too large a problem space?
Washoe

Washoe was the first non-human in history to acquire a human language.
Washoe (c. September 1965 — October 30, 2007) was a chimpanzee who was the first
non-human to learn to use a human language, that of American Sign Language. She

also passed on some of her knowledge to her adopted son Louis [20].
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Figure 1.3 Washoe the First Chimpanzee Learn Sign Language

It is reported that Washoe could reliably use 250 signs. For Washoe to be
considered reliable on a sign, it had to be seen by 3 different observers in 3 separate
spontaneous instances in the correct context and used appropriately. Following those

observations, it had to be seen 30 days in a row to be added to her sign list.

In addition to individual signs, Washoe displayed the ability to combine signs
in novel and meaningful ways. For example, she referred to her toilet as dirty and the
refrigerator as open food drink, even though the scientists around her always called
them potty chair and cold box, this type of linguistic modification is similar to tool

modification of wild chimpanzees.

Even though there are differences between chimpanzees and humans they are
still capable of at least imitating Sign Language which is what we want to model in
software [20].

These differences will be explored Later and exploited if possible, the idea
behind this is that simulating human vision known as computer vision (computer
vision is the field in which computers can use vision to solve problems) is a large
problem space, but if an animal with less intelligence and vision capabilities can

understand sign language then that is possibly a smaller problem space.

Attacking this problem space or vision model might be considerably less then

tackling the human vision problem.
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1.2.9 Object Recognition
1.2.9.1 Large Object Tracking

In some interactive applications, the computer needs to track the position or
orientation of a hand that is prominent in the image. Relevant applications might be
computer games, or interactive machine control. In such cases, a description of the
overall properties of the image ,may be adequate. Image moments, which are fast to
compute, provide a very coarse summary of global averages of orientation and
position. If the hand is on a uniform background, this method can distinguish hand

positions and simple pointing gestures {22].

The large-object-tracking method makes use of a low-cost detector/processor
to quickly calculate moments. This is called the artificial retina chip. This chip
combines image detection with some low-level image processing (named artificial
retina by analogy with those combined abilities of the human retina). The chip can
compute various functions useful in the fast algorithms for inferactive graphics

applications.

1.2.9.2 Shape Recognition

Most applications, such as recognizing particular static hand signal, require a

richer description of the shape of the input object than image moments provide.

If the hand signals fell in a predetermined set, and the camera views a close-
up of the hand, we may use an example-based approach, combined with a simple
method top analyze hand signals called orientation histograms. These example-based
applications involve two phases, training and running. In the training phase, the user

shows the system one or more examples of a specific hand shape [23].

The computer forms and stores the corresponding orientation histograms. In the
run phase, the computer compares the orientation histogram of the current image with
cach of the stored templates and seclects the category of the closest match, or
interpolates between templates, as appropriate. This method should be robust against
small differences in the size of the hand but probably would be sensitive to changes in

hand orientation.
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Goals

The scope of this project is to create a method to recognize hand gestures,
based on a pattern recognition technique developed by McConnell; employing
histograms of local orientation. The orientation histogram will be used as a feature
vector for gesture classification and interpolation. High priority for the system is to be

simple without making use of any special hardware.

All the computation should occur on a workstation or PC. Special hardware

would be used only to digitize the image (scanner or digital camera).

Summary

In this chapter we explained of history of sign language. The term of the sign
language and its importance, the problems that are faced in this kind of language, the
areas that couid be used in. In this chapter we aiso explained the kind of sign language
and Structural components of signs. Also the natural language and its representation
in sign, sign language in different communities, American and British sign language.
Facial action coding system was explained and one of the most common story of

learning sign language to the animal, finally object recognition.
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CHAPTER TWO

ARTIFICIAL NEURAL NETWORKS

2.1 Overview

The idea of pattern recognition comes from real life. The human brain can

memorize and recognize the patterns. The neural networks model the human brain.

Neural network (NN) algorithms for pattern recognition work by applying the
input patterns after preprocessing to the back propagation neural network.

The basic concepts and the algorithms which are used in artificial neural
networks will be presented in this chapter. Back propagation algorithm will be
explained in detail since the algorithm will be used in the developed pattern
recognition system[26].

2.2 Introeduction te Artificial Neural Networks

An artificial neural network (ANN) is a system composed of many simple
processing elements operating in parallel whose function is determined by network
structure, connection strengths, and the processing performed at computing element or
nodes. Neural network architecture is inspired by the architecture of biological
nervous systems, which use many simple processing elements operating in parallel to

obtain high computation rates[27].

An artificial neural network is a massively parallel distributed processor that
has a natural propensity for storing experiential knowledge and making it available for
use. It resembles the brain in two respects:

e Knowledge is acquired by the network through a learning process.
¢ Interneuron connection strengths known as synaptic weights are used to store
the knowledge.

The neuron is a “many inputs one output” unit. The output can be excited or
not excited, just two possible choices. The signals from other neurons are summed
together and compared against a threshold to determine if the neuron shall excite. The
input signals are subject to attenuation in the synapses which are junction parts of the

neuron[28].
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ANN draws much of their inspiration from the biological nervous system. It is
therefore very useful to have some knowledge of the way this system is organized.
Most living creatures, which have the ability to adapt to a changing environment,
need a controlling unit which is able to learn. Higher developed animals and humans
use very complex networks of highly specialized neurons to perform this task. The
control unit — the brain - can be divided in different anatomic and functional sub-
units, each having certain tasks like vision, hearing, motor and sensor control[29].

The brain is connected by nerves to the sensors and actors in the rest of the
body. The brain consists of a very large number of neurons, about 10" in average.
These can be seen as the basic building bricks for the central nervous system. The
neurons are interconnected at points called synapses. The complexity of the brain is
due to the massive number of highly interconnected simple units working in parallel,
with an individual neuron receiving input from up to 10000 others [26].

Structurally the neuron can be divided in three major parts: the cell body
(soma), the dendrites, and the axon. The cell body contains the organelles of the
neuron and also the "dendrites” are originating there. These are thin and widely
branching fibers, reaching out in different directions to make connections to a larger
number of cells within the cluster. Input connections are made from the axons of other
cells to the dendrites or directly to the body of the cell. These are known as
axondentrititic and axonsomatic synapses[29].

There is only one axon per neuron. It is a single and long fiber, which
transports the output signal of the cell as electrical impulses (action potential) along
its length. The end of the axon may divide in many branches, which are then
connected to other cells. The branches have the function to fan out the signal to many
other inputs [28].

A single-input neuron artificial network is shown in Figure 2.1. The scalar
input p is multiplied by the scalar weight w to form wp, one of the terms that is sent to
the summer. The other input, 1, is multiplied by a bias b and then passed to the
summer. The summer output net, often referred to network input, goes into an
activation function £, which produces the scalar neuron output. This is the simplest

form of the artificial neuron and is known as a perception [30].

22



2.3.1

General Neuron

f > output

Figure 2.1 Single - Input Artificial Neuron

The neuron output is calculated by equation 2.1:
output = f (wp + b) (2.1)

The simple model for artificial neuron in the Figure 3.1 can indicate the same
way of the biological neuron. The weight w corresponds to the strength of a synapse,
the cell body is represented by the summation and the activation function, and the

neuron output represents the signal in the axon [31].

2.3 Teaching an Artificial Neural Network

Artificial neural networks learning algorithms can be divided into two main
groups that are supervised (Associative learning) and unsupervised (Self-

Organization).

Supervised Learning

The vast majority of artificial neural network solutions have been trained with
supervision. In this mode, (In the former) the actual output of a neural network is
compared to the desired output. Weights, which are usually randomly set to begin
with, are then adjusted by the network so that the next iteration, or cycle, will produce
a closer match between the desired and the actual output. The learning method tries to
minimize the current errors of all processing elements. This global error reduction is
creafed over time by continuously modifying the input weights until acceptable
network accuracy is reached[32].

The supervised artificial neural network needs teacher to describe what the
network should have given as response. The difference between target (desired
output) and the actual output, the error is determined and back propagated through the
network to adjust the network. The basic architecture of supervised artificial neural
network is shown in Figure 2.2.
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Figure 2.2 Architecture of Supervised Artificial Neural Network

With supervised learning, the artificial neural network must be trained before
it becomes useful. Training consists of presenting input and output data to the
network. This data is often referred to as the training set. That is, for each input set -
provided to the system, the corresponding desired output set is provided as well. In
most applications, actual data must be used. This training phase can consume a lot of
time. In prototype systems, with inadequate processing power, learning can take
weeks. This training is considered complete when the neural network reaches a user
defined performance level. This level signifies that the network has achieved the
desired statistical accuracy as it produces the required outputs for a given sequence of
inputs. When no further learning is necessary, the weights are typically frozen for the
application. Some network types allow continual training, at a much slower rate,
while in operation. This helps a network to adapt to gradually changing
conditions[33].

Training sets need to be fairly large to contain all the needed information if the
network is to Iearn the features and relationships that are important. Not only do the
sets have to be large but the training sessions must include a wide variety of data. If
the network is trained just one example at a time, all the weights set so meticulously
for one fact could be drastically altered in learning the next fact. The previous facts
could be forgotten in learning something new. As a result, the system has to learn

everything together, finding the best weight settings for the total set of facts[26].
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2.3.2

For example, in teaching a system to recognize pixel patterns for the ten digits,
if there were twenty examples of each digit, all the examples of the digit seven should
not be presented at the same time[34].

How the input and output data is represented, or encoded, is a major
component to successfully instructing a network. Artificial networks only deal with
numeric input data. Therefore, the raw data must often be converted from the external
environment. Additionally, it is usually necessary to scale the data, or normalize it to
the network's paradigm. This pre-processing of real-world stimuli, be they cameras or
sensors, into machine readable format is already common for standard computers.
Many conditioning techniques which directly apply to artificial neural network
implementations are readily available. It is then up to the network designer to find the
best data format and matching network architecture for a given application[35].

After a supervised network performs well on the training data, then it is
important to see what it can do with data it has not seen before. If a system does not
give reasonable outputs for this test set, the training period is not over. Indeed, this
testing is critical to insure that the network has not simply memorized a given set of
data but has learned the general patterns involved within an application[34].

One of the most commonly used supervised neural network model is back
propagation network that uses back propagation learning algorithm. Back propagation
algorithm is one of the well-known algorithms in neural networks [36].

Unsupervised Learning

Unsupervised learning is the great promise of the future. Currently, (the latter)
this learning method ,(the latter)is limited to networks known as self~organizing maps.
These kinds of networks are not in widespread use. They are basically an academic
novelty. Yet, they have shown they can provide a solution in a few instances, proving
that their promise is not groundless. They have been proven to be more effective than
many algorithmic techniques for numerical aerodynamic flow calculations. They are
also being used in the lab where they are split into a front-end network that recognizes
short, phoneme-like fragments of speech which are then passed on to a back-end
network. The second artificial network recognizes these strings of fragments as
words[37].

For an unsupervised learning rule, the training set consists of input training

patterns only. Therefore, the network is trained without benefit of any teacher. The
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network learns to adapt based on the experiences collected through the previous

training patterns. The basic architecture of an unsupervised system is shown in Figure

2.3.

Neural
E— Network

\ Adjustment

Figure 2.3 Architecture of Unsupervised Artificial Neural Network

Input Qutput

This promising field of unsupervised learning is sometimes called self-
supervised learning. These networks use no external influences to adjust their
weights. Instead, they internally monitor their performance. These networks look for
regularities or trends in the input signals, and makes adaptations according to the
function of the network. Even without being told whether it's right or wrong, the
network still must have some information about how to organize itself. This
information is built into the network topology and learning rules. An unsupervised
learning algorithm might emphasize cooperation among clusters of processing
elements. In such a scheme, the clusters would work together. If some external input
activated any node in the cluster, the cluster's activity as a whole could be increased.
Likewise, if external input to nodes in the cluster was decreased, that could have an
inhibitory effect on the entire cluster[38].

Competition between processing elements could also form a basis for
learning. Training of competitive clusters could amplify the responses of specific
groups to specific stimuli. As such, it would associate those groups with each other
and with a specific appropriate response. Normally, when competition for learning is

in effect, only the weights belonging to the winning processing element will be
updated [34].

Learning Laws

Many learning laws are in common use. Most of these laws are some sort of

variation of the best known and oldest learning law, Hebb's Rule. Research into
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different learning functions continues as new ideas routinely show up in trade
publications. Some researchers have the modeling of biological learning as their main
objective. Others are experimenting with adaptations of their perceptions of how
nature handles learning. Either way, man's understanding of how neural processing
actually works is very limited. Learning is certainly more complex than the
simplifications represented by the learning laws currently developed. A few of the
major laws are presented as examples [39].

Hebb's Rule:

The first, and undoubtedly the best known, learning rule were introduced by
Donald Hebb. The description appeared in his book The Organization of Behavior in
1949. His basic rule is: If a neuron receives an input from another neuron and if both
are highly active (mathematically have the same sign), the weight between the
neurons should be strengthened [40].

Hopfield Law:

It is similar to Hebb's rule with the exception that it specifies the magnitude of
the strengthening or weakening. It states, "if the desired output and the input are both
active or both inactive, increment the connection weight by the learning rate,
otherwise decrement the weight by the learning rate [41].

The Delta Rule:

This rule is a further variation of Iebb's Rule. It is one of the most commonly
used. This rule is based on the simple idea of continuously modifying the strengths of
the input connections to reduce the difference (the delta) between the desired output
value and the actual output of a processing element. This rule changes the synaptic
weights in the way that minimizes the mean squared error of the network. This rule is
also referred to as the Widrow-Hoff Learning Rule and the Least Mean Square (LMS)
Learning Rule. The way that the Delta Rule works is that the delta error in the output
layer is transformed by the derivative of the transfer function and is then used in the
previous neural layer to adjust input connection weights. In other words, this error is
back-propagated into previous layers one layer at a time[42]. The process of back-
propagating the network errors continues until the first layer is reached. The network
type called Feedforward, Back-propagation derives its name from this method of
computing the error term. When using the delta rule, it is important to ensure that the

input data set is well randomized. Well ordered or structured presentation of the
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training set can lead to a network which cannot converge to the desired accuracy. If

that happens, then the network is incapable of learning the problem [40].

The Gradient Descent Rule:

This rule is similar to the Delta Rule in that the derivative of the transfer
function is still used to modify the delta error before it is applied to the connection
weights. Here, however, an additional proportional constant tied to the learning rate is
appended to the final modifying factor acting upon the weight. This rule is commonly
used, even though it converges to a point of stability very slowly. It has been shown
that different learning rates for different layers of a network help the learning process
converge faster. In these tests, the learning rates for those layers close to the output

were set lower than those layers near the input [43].

Kohonen's Learning Law:

This procedure, developed by Teuvo Kohonen, was inspired by learing in
biological systems. In this procedure, the processing elements compete for the
opportunity to learn, or update their weights. The processing element with the largest
output is declared the winner and has the capability of inhibiting its competitors as
well as exciting its neighbors. Only the winner is permitted an output, and only the
winner plus its neighbors are allowed to adjust their connection weights[44].

Further, the size of the neighborhood can vary during the training period. The
usual paradigm is to start with a larger definition of the neighborhood, and narrow in
as the training process proceeds. Because the winning element is defined as the one
that has the closest match to the input pattern, Kohonen networks model the
distribution of the inputs. This is good for statistical or topological modeling of the
data and is sometimes referred to as self-organizing maps or self-organizing

topologies [45].

2.4 Muiltilayer Perceptron

The multilayer perceptron (MLP) is a hierarchical structure of several
perceptrons. A single perceptron is not very useful because of its limited mapping
ability. No matter what activation function is used, the perceptron is only able to
represent an oriented ridge-like function. The perceptrons can, however, be used as

building blocks of a larger, much more practical sfructure. A typical multilayer
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perceptron (MLP) network consists of a set of source nodes forming the input layer,
one or more hidden layers of computation nodes, and an output layer of nodes. The
input signal propagates through the network layer-by-layer [46]. The signai-flow of

such a network with one hidden layer is shown in Figure 2.4.

Input Layer i Hidden Layer k Output Layer j

Neuron —— 0,

m-—-POj

Figure 2.4 Architecture of Muitilayer Percepiron

The supervised leamning problem of the multilayer perceptron can be solved
with the back-propagation algorithm. The algorithm consists of two steps. In the
forward pass, the predicted outputs corresponding to the given inputs. In the backward
pass, partial derivatives of the cost function with respect to the different parameters
are propagated back through the network. The chain rule of differentiation gives very
similar computational rules for the backward pass as the ones in the forward pass. The
network weights can then be adapted using any gradient-based optimization
algorithm. The whole process is iterated until the weights have converged. The
multilayer perceptron network can also be used for unsupervised learning by using the
so called auto-associative structure. This is done by setting the same values for both
the inputs and the outputs of the network. The extracted sources emerge from the
values of the hidden neurons. This approach is computationally rather intensive. The
multilayer perceptron network has to have at least three hidden layers for any
reasonable representation and training such a network is a time consuming process
[47].

2.5 Back Propagation Neural Network

In the artificial neural networks, several network architectures and training
algorithms are available, the back-propagation algorithm is the most popular
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algorithm. Back propagation neural network architecture is very popular because it

can be applied to realize many different procedures [48].
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Figure 2.5 Block Diagram of Back Propagation Network

In Figure 2.5 the block diagram of back propagation network is shown. The
back-propagation algorithm is a supervised learning algorithm for artificial neural
networks. It extends the weight update rule used in the simple perceptron learning
algorithm to multilayer feed forward artificial neural network[49].

The name "back-propagation” derives from the manner in which information
is propagated across the network on each pass of the algorithm, the errors at the
output nodes are passed back to the hidden nodes using the network connections, and

the resulting information is used to update the connection weights [26,50].

2.5.1 Structure of Back propagation Network

Feed-forward neural networks trained by back propagation consist of several
layers of simple processing elements called neurons, interconnections, and weights
that are assigned to those interconnections. Each neuron contains the weighted sum of
its inputs filtered by a sigmoid transfer function[48]. The neurons are interconnected
in such a way that information relevant to the /O mapping is stored in the weights.
The various layers of neurons in back propagation networks receive, process, and
transmit information on the relationships between the input parameters and
corresponding responses. Aside from the input and output layers, these networks
incorporate one or more hidden [51]. Architecture of back propagation network is

shown in Figure 2.6.
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Figure 2.6 Back Propagation Network Architecture

2.5.2 Back Propagation Network Algorithm

In the back propagation learning algorithm, the network begins with a random
set of weights. An input vector is fed forward through the network, and the output
values are calculated using this initial weight set. Next, the calculated output is
compared with the measured output data, and the squared difference between this pair
of vectors determines the overall system error. The network attempts to minimize this
error using the gradiént descent approach, in which the network weights are adjusted
in the direction of decreasing error[S2].

The steps of back propagation algorithm can be listed as the following:

Step 1: Initialize hidden and output weights to small random values.
Step 2: Input training vector.

Step 3: Calculate outputs of hidden neurons.

Step 4: Calculate outputs of output neurons.

Step 5: Calculate the differences between the results of outputs of output neurons and

targets.
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Step 6: Back propagate the error to update the hidden and the output weights.
Step 7: Repeat the steps 3, 4, 5, and 6 until reaching the goal error.

Step 8: Upon conversion save hidden and output weights for use in feed forward

calculattons [53].

2.5.2.1 Feed Forward Calculaticn

When a back propagation network is cycled, the activations of the input units
are passed forward to the output layer through the connecting weights. The starting
point for most neural networks is a model neuron, as in Figure 2.7.

This neuron consists of multiple inputs and a single output. Each input is
modified by a weight, which multiplies with the input value. The neuron will combine
these weighted inputs and, with reference to activation function determine its output

[54].

P1

Sigmoid
Function

Pi

Figure 2.7 A model Neuron Structure

The main idea in feed forward calculation is passing inputs forward and all
outputs are computed through sigmoid function. The output of each neuron is a
function of its inputs [55].

In particular, the output of the jth neuron in any layer is described by two sets

of equations 2.2 and 2.3:
O; = fi(net;) (2.3)

32



For every neurom, j, in a layer, each of the i inputs, pj, to that layer is
multiplied by a previously established weight, wij. These are all summed together,
resulting in the internal value of this operation, netj. This value is then sent through an
activation function, fy.

The activation function is usually the sigmoid function, which has an input to
output mapping as shown in Figure 2.8. The resulting output, O, is an input to the

next layer or it is a response of the neural network if it is the last layer [56].
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Figure 2.8 Sigmoid Activation Function

The output of the neuron with sigmoid activation function is given by equation 3.4:

1
O, = f(net,)= (+expCrer,) (2.4)

The derivative of the sigmoid function can be obtained as follows equation 2.5:

df (net ;)

3 =0;*(1-0;)= f(net;)* (1 - f(net;)) (2.5)
netj

2.5.2.2 Error Back Propagation Calculation

The error back propagation calculations are applied only during the training of
the neural network. The vital elements in these calculations are the error signal,

learning rate, momentum factor, and weight adjustment [57].

e Signal Error:

During the network training, the feed forward output state calculation is
combined with backward error propagation and weight adjustment calculations that
represent the network's learning. Central to the concept of training a neural network is

the definition of network error.
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Rumelhart and McClelland define an error term that depends on the difference
between the output values an output neuron is supposed to have, called the target
value 13, and the value it actually has as a resuit of the feed forward calculations, Oj.
The error term represents a measure of how well a network is training on a particular
training set [58].

A method called gradient descent is used to minimize the total error on the
patterns in the training set. In gradient descent, weights are changed in proportion to

the negative of an error derivative with respect to each weight given by equation 2.6:

Aw =-n 0F (2.6)
JET AT '
v,
where 7 is the learning rate and E s the average over all training instances
of the sum overall output neurons (total error).

Weights move in the direction of steepest descent on the error surface defined

by the total error (summed across patterns) given by equation 2.7:
2
E= E E (Tp; —Op;) (2.7)
P J

where Opf the actual output response to pattern p and ij is the target output value.
Figure 2.9 illustrates the concept of gradient descent using a single weight.

After the error on each pattern is computed, each weight is adjusted in proportion to

the calculated error gradient back propagated from the outputs to the inputs. The

changes in the weights reduce the overall error in the network [57].

F- 3

Error

v

Figure 2.9 Typical Curve between Overall Error and A single Weight

The aim of the training process is to minimize this error over all training

patterns. From equation 2.3, it can be seen that the output of a neuron in the output
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layer is a function of its input, or O = S (net j)- The first derivative of this

function O ;= Ju(net J-) is an important element in error back propagation. For

output layer neurons, a quantity called the error signal is represented by A pj Which is

defined in equation 2.8:

A gy = fn(net ) * (T = 0)=(T; = 0y) * Oy * (1= 0 (28)

p )
This error value is propagated back and appropriate weight adjustments are
performed. This is done by accumulating the A's for each neuron for the entire

training set, add them, and propagate back the error based on the grand total A This
is called batch (epoch) training [58].

¢ Learning Rate and Momentum Factor

There are two essential parameters that do affect the learning capability of the
neural network. First the learning rate coefficient Y| which defines the learning power
of a neural network. Second the momentum factor @ which defines the speed at
which the neural network learns. This can be adjusted to a certain value in order to
prevent the neural network from getting caught in what is called local energy minima.
Both rates can have a value between 0 and 1[59].

The larger the learning rate " the larger the weight changes on each epoch,
and the quicker the network learns. However, the size of the learning rate can also
influence whether the network achieves a stable solution. If the learning rate gets too
large, then the weight changes no longer approximate a gradient descent procedure.
Oscillation of the weights 1s often the result.

The ideal case is using the largest learning rate possible without triggering
oscillation. This would offer the most rapid leaming and the least amount of time
spent waiting at the computer for the network to train. One method that has been
proposed is a slight modification of the back propagation algorithm so that it includes

a momentum term [60].
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e Weight Adjustment

Each weight has to be set to an initial value. Random initialization is usually
performed. Weight adjustment is performed in stages, starting at the end of the feed
forward phase, and going backward to the inputs of the hidden layer.

The weights that feed the output layer and the hidden layer are updated using
equation 2.9. This also includes the bias weights at the output layer neurons.
However, in order to avoid the risk of the neural network getting caught in local
minima[61].

The momentum term can be added as in equation 2.10.

w(n+)=w,(n)— WAR,'O;‘:' (2.9)
W (n+])= wji(n) -~ a)”Aij; + a[fswﬁ ()] (2.10)

where the subscript n is the learning epoch and f’( ) stands for the
previous weight change. The bias weights at the output and hidden layer neurons are

updated, similarly .

2.5.3 Discussion Some Important Issues

There are some issues, which may cause some problem in neural networks, if
totally ignored. For example input normalization before feeding data into a neural
network is crucial. Moreover, appropriate weights initialization is needed. Also the
other issues are very important in neural networks like training conversion criteria,

various techniques/problems and generalization.

2.5.3.1 Input Normalization and Weights Initialization

'The contribution of an input will depend heavily on its variability relative to
other inputs. If for example one of the inputs has range of 0 to 1 and another has a
range of 0 to 1000, then the contribution of the first input will be swamped by the
second input. So it is essential to rescale the inputs so their variability reflects their
importance. For lack of any prior information (regarding the importance of each
input), it is common to normalize each input to the same range or the same standard
deviation [62].

Typically inputs are normalized to same small ranges, like [0,1] or [-1,1]. In

particular any scaling that gathers input values around zero works better. So instead of
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a [-1,1] scale, it might be preferable to normalize the inputs so as to have mean value
of 0 and standard deviation of 1.

Weights initialization follows nearly the same path as input normalization.
The main emphasis in the neural network literature on initial values has been on the
avoidance of saturation, hence the desire to use small random values. Symmetry
breaking in the weight space is needed in order to make neurons compute different
functions. If all nodes have identical weights then they would respond identically.
Therefore the gradient, which updates the weights, would be the same for each
neuron. This way the weights would remain identical even after the update and this
means no learning. A special case is to initialize all weights of every neuron to 0.
Then in every neuron the gradient of a zero function would be zero and thus weights
would remain zero until training is terminated[63].

Small weights (as well as small inputs) are needed to avoid immediate
saturation because large weights could amplify a moderate input to produce an
extremely large weighted sum at the inputs of the next layer. This would put the nodes
into the flat regions of their nonlinearities and learning would be very slow because of

the very small derivatives [62].

2.5.3.2 Training Conversion Criteria

Stopping of training when the back propagation network is trained has to be
known. Since various "learning rate - momentum factor- number hidden neurons"-
schemes are being tested to adapt the stopping criteria to each case in the network to
get a good efficient learning[64].

Four basic termination conditions when training an artificial neural network:

e Fixed number of iterations: Iterations, also called epochs, refer to the number
of times the total training set is being presented in the neural network.

e Use threshold for the error: Empirically estimate a certain value for the error,
which considered being acceptable.

e Farly stopping: Divide the available data into training and validation sets.
Commonly use a large number of hidden units and very small initial values.
Compute the validation error rate periodically during training. Finally, stop
training when the validation errors rate "start to go up". However, it is
important to stress that the validation error is not a good estimate of the

generalization error. The most common method for getting an unbiased
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estimate of the generalization error is to run the ANN on a third set of data,

that is not used at all during the training process.

2.5.3.3 Techniques and Arising Problems

Multilayer Neural Networks have error surfaces with multiple local minima.
The complexity of these surfaces increases as the number of weights (and so neurons)
increases. Therefore, there is only one deepest global minimum among many shallow
or deep local minimums. This means that the training procedure might get trapped
into the latter small minima. In fact this is the case but there are two perspectives in
relative bibliography that try to explain why artificial neural networks are still so
much efficient and powerful tool.

¢ Many weights’ means that error surfaces exist in high multidimensional spaces

(one dimension for each weight). Someone would say that during back

propagation one of the weights might fall in local minimum. But, other

weights would not! Intuitively, the more the weights, the more dimensions
exist, which provide "escape roots™ from local minimums[65].

¢ Another perspective is the one, based on which sigmoid function behaves as
linear when the weights are close to zero. This is the case during the first
iterations of the neural network training. So in first steps the network
simulates a smooth function. By the time the weights are "heavily" updated
and the simulated function has much more complex error surface.

Back propagation’s main problem is that it is sensitive to the so-called
overfitting of the training data at the cost of decreasing generalization accuracy over
other unseen examples. It is said that when the overfitting case is faced the artificial
neural network adopts the idiosyncrasies of the training data. This means that the
performance over unseen examples decreases. Especially when the training set is not
representative of the general distribution of all possible examples, the performance
drops dramatically. In order to avoid over fitting, caused by the repetitive feed of the
same group of training examples onto the artificial neural networks, the early stopping
technique is used[66].

It is necessary to remind that in early stopping the total number of iterations of
the training procedure is such that produces the lowest error over the validation set,
since this is the best indicator over unseen examples. In other words, the number of

iterations that yields the best performance over the validation set is needed. Another,
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potentially useful technique is called weight decay or commonly regularization. This

way, weights are kept small and the error surface smooth.

2.5.3.4 Generalizaticn

Generalization is the ability of capturing the underlying function, during the
training phase, and hence producing correct outputs in response to novel patterns
(patterns that has not seen before). A system then is said to generalize well. If
performance in new patterns is poor then poor is the generalization as well.

Minimizing the generalization error is not equivalent to selecting a model
where the bias is zero. This is because the model variance penalty may be too high.
This is called the bias/variance trade-off. Variance and bias are well-understood issues
when it comes to regression problems (function approximation using Neural
Networks). However, in classification there is a correspondence but it is surely more
complex subject [67].

There are a few conditions that are typically necessary-although not sufficient
for good generalization:

¢ In order to generalize well, a system needs to be sufficiently powerful to
approximaie the target function. If it is too simple to fit even the training data
then generalization to new data is also likely to be poor.

e The inputs contain sufficient information pertaining to the target, so that really
existence a concept (unknown and complex mathematical function) that
relates inputs with corrects outputs.

e In general, the training set must be a representative subset of the theoretical
population. A poof set of training data may contain niisleading regularities not

found in the underlying function/classifier[68].

2.6 Summary

This chapter presented a general overview of artificial neural networks
(ANN). The back propagation algorithm was also presented in detail since the
algorithm is to be used in our pattern recognition system as a classifier.

This chapter gave a background to understand the developed method for

pattern recognition system which will be explained in the next chapter.
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CHAPTER THREE
SIGN LANGUAGE RECOGNITION SYSTEM

3.1 Overview

An automatic system for the feature based sign language recognition must deal
with two basic problems: extraction of the essential features of images and try to
recognition this images.

This chapter presents discussion of thesis topic about sign language
recognition using back propagation neural networks. The method describes sign
recognition using back propagation neural networks approach implementation on
different sign images (number from zero to nine) by take 4 images for training and 4
images for testing with added noise and rotations on some of this images.

This chapter explains the research methodology and how has the process of
collecting the database and how it was preprocessing. How it was organized to be
feeding to the neural network system. How has the process of training of the neural
network system. Testing process also explained in this chapter and the system
designed to identify dumb and deaf language through the hand language images using
artificial neural networks approach.

It is useful to have a machine that can carry out to pattern recognition process
quickly and with high perform. For example, the security services that rely on
fingerprints as an entry permit, if they depend on humans for the process of checking
the fingerprints this would take long time If there is an application that can do this
process quickly and with high accuracy, it will be saving money and time, as well
as there are many real life applications that occur repeatedly and significantly such as
reading checks in banks, where the existence of such an application eliminates the
requirement that a human skills in such a repetitive task.

A neural network system for the image identification depends on shape of the
gesture images must deals with two basic problems detection of the features of this

images and extraction of the essential features of this images.
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3.2 The Sign Languages System

The hand languages it is the one way to communication between the dumb and
deaf people and with the other people, it is almost complete like our language,
therefore this system try to recognition the numbers between (0 - 9). In the future
work try to make this system recognize the characters and the some gestures.

A Neural Network (NN) is to be designed and trained to recognize Gestures
through their signal language images.
The hand languages system simply involves the following series of steps:
1. Collect the signal or gesture images to build the database.
2. Preprocessing.
3. Training (ANN) using the database.
4. Test {ANN) using the database.
5. Results.

3.2.1 Database Coliection

The starting point of working on the system was the collection of database
with all images that would be used for training and testing the system. The images
that are used in this work are .jpg format.

Using adobe Photoshop software tool to resize the signal images from the
Different size to 45*45 pixels for each image, and added noise (Camouflage,
Gaussian Blur, Crystal Noises and Smart Blur) and made rotation for some images in
the 2nd experiment.

The database that was used in this work is made up of signal language images
which are obtained from the internet[69,70]. The size of the images the size images
are changed to (45x45) pixels.

The original database contains 10 images for numbers signal (0-9) for each
gesture image 4 images for training and 4 images for testing for both experiments.
Figures 3.1, 3.2 and 3.3 show an example of the original gesture images and the

database images.
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Figure 3.2 Example of database training Images.
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Figure 3.3 Example of database testing Images

We can quote the difference between images of the training and test images in
system is a very

the above.

3.2.2 Preprocessing
The preprocessing stage in gesture image recognition

important stage
There are many operations in this stage
1- Crop gesture images because they are big pictures
2- Change the images size to stander size (45*45) pixels
This operations are done by use adobe Photoshop program
A digital text image that is containing dumb and deaf signals are generally an
RGB image. The figures below showing two types of image containing digital dumb

and deaf signal
RGB to Grayscale Image conversion
In the pre-processing 1st stage is to converting the input RGB image into gray
scale image. Here we considering the Othu’s algorithm for RGB to gray scale
conversion. The figure 3.4 and 3.5 below are show an RGB image and grayscale

converted image
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Figure 3.5 explain the Grayscale image

Graysecale to Binary Image conversion

In the pre-processing 2nd stage, converting the gray scale image into binary
image. In a grayscale image there are 256 pixels of monochrome where 0 means pure
black and 255 means pure white. This image is converted to binary image by
checking whether or not each pixel value is greater than 255 level, (level, found by
Otsu's Method)[71]. If the pixel value is greater than or equal to 255 level then the
value is set to 1 i.e. white otherwise 0 i.e. black. The figure 3.6 is showing a Black

and Wight images.

Figure 3.6 Explain the Black and Wight Images.
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3.3 Image Reading

A digital image is a numeric representation (normally binary) of a two-
dimensional image. Depending on whether the image resolution is fixed, it may be of
vector or raster type. Without qualifications, the term "digital image" usually refers to
raster images also called bitmap images|72].

Gray scale image is the image we will mostly work in this system. It
represents an image as a matrix where every element has a value corresponding to
how bright/dark the pixel at the corresponding position should be colored. There are
two ways to represent the number that represents the brightness of the pixel: The first
way it name Double Class or (Data Type), this assigns a floating number ("a number
with decimals") between 0 and 1 to each pixel. The value 0 corresponds to black and
the value 1 corresponds to white. The second way is called (UNIT 8) which assigns an
integer between 0 and 255 to represent the brightness of a pixel. The value 0
corresponds to black and 255 to white. The class uint8 only requires roughly 1/8 of
the storage compared to the class double. On the other hand, many mathematical
functions can only be applied in the double class[73].

Through what previously mentioned above the images that used in order to
train and test the signal language system are grayscale Double Class becausc the

range of each pixel between (0..1).

3.3.1 Image Vectorization

A vector is defined by placing a sequence of numbers within square braces.
Matlab is a software package that makes it easier to enter matrices and vectors, and
manipulate them. To prepare the training set pattems to be fed in to the neural
network must be arranged to input matrix, this process is cailed vectorization.

The dimension of the vector matrix for the 10 signals it will be different
depend on the experiment that carried out and depending on the values and averaging

and down sampling parameters that used in the experiment.
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3.3.2 Using Matlab

Matlab is a simple and useful high-level language for matrix manipulation.
Since images are matrices of numbers, many vision algorithms are naturally
implemented in Matlab. It is often convenient to use Matlab even for programs for
which this language is not the ideal choice in terms of data structures.

In fact, Matlab is an interpreted language, which makes program development
very easy, and includes extensive tools for displaying matrices and functions, printing
them into several different formats like Postscript, debugging, and creating graphical
user interfaces. In addition, the Matlab package provides a huge amount of predefined
functions. Matlab has an artificial neural networks toolbox, through this toolbox we

can programming and design the system in easy way.

3.4 Implementation of the Neural Network

There are a few issue that have to be taken into consideration before the

implementing the neural network. The following subtopics will be discussed.

3.4.1 Define BPNN Architecture and Design

Back propagation network architecture involves the selecting of an appropriate
number of layers and the number of nodes in each layer based on the size and type of
the application and the problem involved. As stated earlier, the neural network
architecture consists of three layers, which are the input layer, hidden layer and also
the output layer. The required number of nodes in each layer also differs from each
dataset based on the classification problem. Thus, the number of nodes in the input
and output layers are determined by the input and output variables based on the
dataset.

Nevertheless, the essentials number of hidden nodes did not present. These
hidden nodes are required for the computing difficult functions recognized as the non-
separable functions. The number of nodes in the hidden layer determines the
network’s learning capabilities. It’s been crucial of selecting the appropriate number
of hidden layer for the optimal network design. The hidden layer size may affect the
complexity and the required time for training but, out of all, it could influence its
competence to generalize. However, there is no an appropriate standard rule or theory

to determine the optimal number of hidden nodes.
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3.4.2 Formulation of Weight Adjustment

The main focus in weight adjustment process is the activation function. The

conventional sigmoid function will be applied to the standard back propagation.

3.4.3 Define the Learning Rate and Momentum Factor

The core parameters for neural networks are the learning rate and momentum

factor, as these values will have an effect on the learning performance.

3.4.4 Define the Maximum Error

Maximum error is another parameter that should be taken into the
consideration. This maximum error should be the stopping criteria for the back
propagation training. As for this system, the maximum error is set different values.
Besides that, the training process of the back propagation is been set to a maximum of
3000 iterations, or until the error reaches the maximum error. It is adequate for the
network to train the dataset within 3000 iterations and converge to the solution. Since
the main focus of this system is the faster convergence rate, thus the minimum

tteration is important.

3.5 Training Using Back Propagation

An interesting aspect of Back Propagation Neural Networks (BPNN) in the
Multi-Layer Perceptron (MLP) is that during the learning process, the hidden layers
build an internal representation of the inputs that are useful to produce the output.

The adjustment of neural network parameters using back propagating of
observed error at the network output is the most famous technique for supervised
training of neural networks. Back Propagation depends on a sophisticated system of
training contains a layers of neurons, begin with the first input layer which received
the value according to their sequence in from the images vector matrix, followed by
one or more of hidden layers of then the output layer.

The size of the input layer must be identical to the size of the image pixels and
the size of output layer must be equal to the number of the signal's images that take to

be trained in this case the output layer was equal to 10.
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A series of experiments have been carried out with different number of raining
and testing images and different values of the training parameters as shown in tables

in the next chapter. The figure below represents the Neural Network Design.

Input layer Hidden layer Output layer

Figure 3.7 Neural Network Design.

Figure 4.8 shows the block diagram of the signal language recognition system,
represented the three stage of the system. Starting with database collection, which is
obtained from internet. |

The second stage was to pre-processing these images to prepare it to the neural
network stage. The preprocessing stage include adding noise to the images to
extended the database images number and normalizing the pixel value.

The neural network stage involved training and testing processes. The training
process was carried out using fraining set form database, the testing process was

carried out using different images set equipped to the testing process.
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Figure 3.8 Block Diagram of SLR.
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Figure 3.9 Flow Chart Diagram of the System (Training Process).
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3.6 Testing SLR

After training is completed, in order to test the performance of the signal
language recognition system, the testing process carried out by using a different set
of signals images signals images of the same gestures that used their signals images
for the training process, by adding some noise to the images to make it different from

the original signal language images. Figure 3.10 shows an example of testing image.

L% M vt
S

Figure 3.10 Example of Testing Image.
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Figure 3.11 Flow Chart Diagram of the System (Testing Process).

51



3.7 Summary
This chapter discusses the methodology of the signal language recognition
system in detail. Database collecting, normalized, resize the images. How it was

organized to be feeding to the neural network system, and training and testing the

system. Next chapter will contain the results that obtained from the training and

testing this system.
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CHAPTER FOUR
EXPERIMENTAL RESULTS AND DISCUSSION

4.1 Overview

This chapter presents the training and testing results of the neural network sign
language and gesture recognition system. There are three experiments in this system.
The first and second experiments used sketches, and the third experiment was used
real images. The experiments were carried out for the training and testing stage. The

results for each experiment are discussed in the next section.
4.2 General Experimental Setup

The comparison of the results was based on three criteria:

1. Experiment time cost
2. Number of epochs
3. Recognition performance
Many different experiments were carried out on each image. The number of
training and testing images was four images for each signal for training and four
different images for testing. The values of the training parameters are also different in

each training process.

Training and testing the neural networks was implemented using the following
system configuration: 2.2 GHz PC with 1 GB of RAM using Windows 7 32-bit

operating system, and Matlab software tool.

The threshold value used to differentiate between the identified and

not identified pattern was 60%.
4.3 First Experiment

As shown in the tables below, the training and testing accuracy for the first
experiment best than accuracy of second experiment that depends on the method of
training the neural networks and the algorithm that used in the training phase and that
depend on how images was coding and feed to the neural networks. In this experiment

used sketches gesture, it represent images (element) of data base.
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‘The number of sketches that used in the first experiment is four sketches of the
training process and four sketches of the testing process. Figure 4.1 shows an example
of training and testing sketches that used in first experiment. Appendix I shows the

training and testing sketches.

a. An Example of

b. An Example of Testing sketches

Figure 4.1 An Example of Training and Testing sketches for Experiment One[69,70]

Table 4.1 shows the training and testing time and the final training parameters

during experiment one.

Table 4.1 Training Parameters and Training and Testing Time First Experiment

Number of Input Neurons 2025

Number of Hidden Neurons 70

Number of Output Neurons 10

Weights Values Range -0,35 and 0,35
Learning Rate 0.07
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Momentum Factor 0.03
Error 0,00003
Number Of Iteration 1937
Maximum Iteration 3000
Training Time 126 Sec
Testing Time (0.031 Sec

Figure 4.2 shows the training performance curve of the artificial neural

network system.

n [

18‘ 3 T T T T T T T T T =

Mesn Syared Error (mae)

‘10““ - I 1 | 1 1 I ] ! |
a 200 400 800 GO0 1000 1200 1402 1BOD 1800
1937 Epochs

Figure 4.2 First Experiment training performance Curve

After training and testing process was finished, the recognition rate and
accuracy of the training and testing of the 40 training sketches and 40 testing sketches
for each sign sketches, the training and testing recognition rate and accuracy was

calculated as shown in table 4.2 and 4.3.
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Table 4.2 Training Recognition Rate and Accuracy for First Experiment

Number The Sign ot Number Accuracy
ZERO 0.987825
ONE 0.987725
TWO 0.9882
THREE 0.9885
FOUR 0.987875
FIVE 0.990025
SIX 0.9878
SEVEN 0.98985
EIGHT 0.987725
NINE 0.9897
Total Accuracy 0.988523

Neural Networks Recognition Rate

(10/10) 100 %




Table 4.3 Testing Recognition Rate and Accuracy for First Experiment

Number The Sign of Number Aeccuracy
ZFERO 0.608975
ONE 0.776725
TWO 0.732175
THREE 0.775525
FOUR 0.987025
FIVE 0.728325
SIX 0.85435
SEVEN 0.619825
EIGHT 0.729075
NINE 0.59691
Total Accuracy 0.74089
Neural Networks Recognition Rate (9/10) 10¢ %
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4.4 Second Experiment

The second experiment was carried out by the same way and mechanism of
the first experiment with the same number of training and testing sketches, but with
the different training parameters values, and deferent sketches because added noise
and rotation this sketches, this is what led to the difference in the accuracy and
performance of the neural network and different recognition rate, tables below shows
the training parameters values that used in this experiment, as well as training and
testing time of the experiment, and the recognition rate, accuracy and performance of
the neural network system, figure 4.3 below shows the training performance of the

network. Appendix I shows the training and testing sketches.

Training sketches

b. An Example of Testing sketches

Figure 4.3 An Example of Training and Testing sketches for Experiment Two[69,70]
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Table 4.4 shows the training and testing time and the final training parameters

during experiment Two.

Table 4.4 Training Parameters and Training and Testing Timing Second Experiment

Number of Input Neurons 2025
Number of Hidden Neurons 20
Number of Output Neurons 10
Weights Values Range -0,35 and 0,35
Learning Rate 0.055
Momentum Factor 0.35

Error 0,0029
Number Of Iteration 462
Maximum Iteration 3000
Training Time 32.98 Sec
Testing Time 0.0431 Sec

Figure 4.4 shows the training performance curve of the artificial neural

network system for the second experiment.
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Figure 4.4 Second Experiment training performance Curve

59



Table 4.5 and table 4.6 shows the neural network training and testing

recognition rate and accuracy that calculated from the second experiment training and

testing sketches.

Table 4.5 Training Recognition Rate and Accuracy for Second Experiment

Number The Sign of Number Accuracy
ZERO 0.9988
ONE 0.99885
TWO 0.99882
THREE 099883
FOUR 0.99885
FIVE 0.99887
SIX 0.99892
SEVEN 0.9988
EIGHT 0.9988
NINE 0.99882
Total Accuracy 0.99883

Neural Networks Recognition Rate (10/10) 100 %

60




Table 4.6 Testing Recognition Rate and Accuracy for Second Experiment

Number The Sign of Number Accuracy
ZERO 0.9032
ONE 0.5868
TWO 0.6477
THREE 0.4024
FOUR 0.638
FIVE 0.686
SIX 0.4458
SEVEN 0.5316
EIGHT 0.5615
NINE 0.3184
Teotal Accuracy 0.514

Neural Networks Recognition Rate (6/10) 100 %
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4.5 Third Experiment

This experiment was used real images, it mean the database consist of real
images not sketches, this experiment was carried out by the same way and mechanism
of the first and second experiments with the same number of training and testing real
images, but with the different training parameters values, this is what led to the
difference in the accuracy and performance of the neural network and different

recognition rate.
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b. An Example of Testing Images

Figure 4.5 An Example of Training and Testing sketches for Experiment Three[69,70]
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Table 4.7shows the training and testing time and the final training parameters
during experiment three.
Table 4.7 Training Parameters and Training and Testing Timing Third Experiment
Number of Input Neurons 2025
Number of Hidden Neurons 90
Number of Output Neurons 10
Weights Values Range -0,35 and 0,35
Learning Rate 0.03
Momentum Factor 0.003
Error 7 0,003
Number Of Iteration 842
Maximum lteration 10000
Training Time 35 Sec
Testing Time 0.0431 Sec

Figure 4.8 shows the training performance curve of the artificial neural

network system for the third experiment.
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Figure 4.6 Third Experiment training performance Curve

63



Table 4.8 and table 4.9 shows the neural network training and testing
recognition rate and accuracy that calculated from the third experiment training and

testing 1images.

Table 4.8 Training Recognition Rate and Accuracy for Third Experiment

Number The Sign of Number Accuracy
ZERO 0.9988
ONE 0.99885
TWO 6.97882
'THREE 0.99883
FOUR 0.99885
FIVE 0.97887
SIX 0.99892
SEVEN 0.9988
EIGHT 0.9898
NINE 0.95882
Total Accuracy 0.97883
Neural Networks Recognition Rate (10/10) 100 %
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Table 4.9 Testing Recognition Rate and Accuracy for Third Experiment

Number The Sign of Number Accuracy
ZERO 0.9032
ONE 0.8968
TWO 0.8797
THREE 0.7424
FOUR 0.8638
FIVE 0.7686
SIX 0.8458
SEVEN 0.8316
EIGHT 0.8615
NINE 0.8184
Total Accuracy 0.8411

Neural Networks Recognition Rate (8/10) 100 %
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4.6 Discussion

Several experiments were carried out on the sign language and gesture
recognition system. The organization of the experiments was based on training and
testing images which are used in training and testing process and training parameters
which are used in training process. In the experiments, the number of training and
testing images was forty images for training process and forty image for testing
process. The bestresults were obtained through the first experiment with highest
recognition rate and accuracy this compare between the first and second experiments
because it was used sketches, the third experiment was used real images. After
training and testing of sign recognition system it seems that the neural network is

good tool for recognition task.

After looking to train and test results for the experiments, it seems that the
neural network can learn with four training sets and recognizes other four sets with

high accuracy.

4.7 Summary

This chapter explained the experimental result and performance analysis that
has been carried out through training and testing the sign language and gesture
recognition system. The results demonstrated the successful implementation of the

system.

66



CONCLUSION

The Sign Language of any culture has little connection with the oral language
of that culture. There is no one to one relationship between sign languages and oral
languages in most cultures. Sign language normally involves 2 hands, facial
expressions and shoulder movement.

In this thesis was to identify some images signals deaf and dumb and gestures.
To try to facilitate communication between the deaf and dumb themselves and among
normal people. Because this language 1s not known everyone . This system will be
similar to the dictionary in which some signals deaf and dumb and gestures and what
meanings to facilitate the communication between people.

In this system used numbers between (0-9) were recognition by artificial
neural networks and used back propagation function. There are three experiments
were applied to these images. Database for the first and second experiments
consisting of schemes, But the data base of the third experiment consists of real
images.

Four images were taken for training and four images of the testing for each
gesture in three experiments.

Were discussing the results we have obtained in the fourth chapter of this thesis.
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APPENDIX I
Database

1. First Experiment

1.1 Training Database [69,70]




1.2 Testing Database
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2. Second Experiment

2.1 Training Database [69,70]




2.2 Testing Database
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3. Third Experiment

3.1 Training Database [69,70]
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3.2 Testing Database
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APPENDIX II

MATLAB SOURSE CODE

1. First Experiment

clear ail;

clese all;

signal number = 10;

signal expression = 4;

PATTERNS = []:
cd{"C:\Users\Dell\Desktop\database22\bm"');

xl=imread('al.jpg');xl=imresize (x1, [45 45], 'bicubic’});

xl=rgh2gray(xl};

xZ2=imread('azZ.]jpg'); XZ=imresize(xz, [45

457, 'bicubic') ;x2=rgbl2gray (x2};
x3=imread('a3.jpg'); x3=imresize(x3,[45 45],
x3=rgbZgray(x3);

x4=imread('ad.jpg’'); xd4=imresize (x4, [45

457, '*bicubic') ;xd=rghl2gray (x4);
xb=imread({'ab.jpg'); x5=imresize (x5, [45 45],
x5=rgbZgray (x5) ;

x6=imread('ab6.jpg'); x6=imresize(x6, [45 45],
xb=rgbZgray(x6);

xT=imread('a7.jpg"'); x7=imresize(x7, [45 435],
X7=rgbZgray (x7);

xB=imread('a8.jpg'}; xB8=imresize (x8, [45 45},
x8=rgb2gray (x8) ;

x9=imread{'a%.jpg'); x9=imresize(x9, [45 45],
X9=rgbZgray{x9);

x10=imread{'all.jpg"'}; x10=imresize (x1l0, [45
451, '"bicubic') ;x10=rgbZgray {x10);
xll=imread('all.jpg'}; xlli=imresize(xll, [45
457, "bicubia') ;xll=rgbl2gray (x11);
x12=imread('alZ.jpg');xl2=imresize (xl2, [45
4571, "bicubic') ;xlZ2=rgbZgray(xl2);
x13=imread({'al3.jpg'}); xl3=imresize(x13, {45
x13=rgbZ2gray (x13);

xl4=imread('al4.jpg’'); xld=imresize({x14, {45
45], 'bicubic') ;xld=rgbZ2gray(xl4);
xl5=1imread('al5.jpg'); xib=imresize(x15, [45
45], 'bicubic') ;x1lb=rgbh2gray (xl5);
xle=imread('ale.jpg'); xlé=imresize{x16,[45
xlé=rgbZgray(xle);

x17=imread('al7.jpg'); xl7=imresize (x17,[45
x17=rgbZ2gray(x17);

x18=imread('alf.jpg’'); xlB=imresize(x18, {45
451, "bicubic') ;x18=rghZgray(x18};
x19=imread('al®.jpg'); x19=imresize(x19, [45
45], 'bicubic’) ;x19=rgb2gray(x19});
%20=imread('a20.Jpg'); =x20=imresize(x20,[45
4571, "bicubic') ;x20=rgb2gray(x20};
x2i=imread('azl.jpg'}); x2l=imresize(x21,[45
45], "bicubic') ;x21l=rgbZgray(x21);
x22=imread{'a22.jpg'); x22=imresize(x22,[45
451, "bicubic') ;x22=rgb2gray(x22);
xZ3=imread{'aZ3.jpg'); x23=imresize (x23, [45
451, "bicubic');x23=rgb2gravy(x23);
xZ24=imread{'a24.9pg"); xZ24=imresize(x24,[45
451, "bicubic') ;x24=rgb2gray(x24);

1i-1

"bicubic');
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225=imread{'az>.jpg'}; x25=imresize (x25,[45
451, 'bicubic'});x2b=rgblgray(x25);
x26=1mread{'a26.jpg'); x26=1lmresize (x26, [45
457, 'bicubic') ;x26=rgbZ2gray (x26) ;
x27=imread{"az27.jpa'); x27=imresize(x27, (45
451, 'bicubic') ;x27=rgb2gray (x27);
x28=imread{'a28.Jpg'); x28=imresize(x28, [45
457, 'bicubic") ;x28=rgb2gray (x28);
x29=imread{'a29.jpg"); x29=imresize(x29, [45
45], 'bicubic") ;x2%=rgb2gray (x29} ;
x30=1mread{'a30.jpg'}); x30=imresize (x30, [45
451, 'bicubic') ;®x30=rgb2gray (x30);
¥31=imread{'a3l.jpg'); x3l=imresize (x31, [45
45], 'bicubic’) ;x3l=rgb2grav (x31) ;
x32=imread{'al32.jpg'); x32=imresize(x32, [45
45], "bicubic') ;x32=rgb2gray(x32};
x33=imread{'a33.pg'); x33=imresize (x33, [45
45], 'bicubic");x33=rgb2gray(x33};
x34=imread('a34.jpg'); x34=imresize (x34, [45
451, 'bicubic');x3d=rgbZ2gray(x34};
x35=imread ('a3b.jpg'); x3b=imresize (x35, [45
457, "bicubic') ;x35=rgbiZgray(x35);
x36=imread{'a36.ipg'); x36=imresize (x36, [45
451, 'bicubic') ;x36=rgb2gray(x36);
x37=imread('a37.jpg'); x37=imresize {(x37, [45
457, 'bicubic') ;x37=rgbigray (x37);

x38=imread('a38.jpg'); x38=imresize (x38,[45
451, 'bicubict'};x38=rgbZ2gray(x38);
X39=imread('a39%.ipg'); x39=imresize (x39, [45

451, "bicubic'}); ®39=rgbZgray (x39);
x40=imread('a40.ipg'); x40=imresize (x40, [45
457, 'bicubic') ;x40=rgb2gray(x40);

Pl = double{{x1{:) x2{:) x3(:) x4{:}]/255);
P2 = double{l x5{(:) x6(:) x7(:) x8B(:)]/255);
P3 = double([x9%{:) x10(:) =x11(:) x12(:)]1/255);
(1
{

P4 = double([x13{:) x14(:) x15(:) x16{:)1/255);
P5 = double{[x17{:) x18(:)} x19(:) x20{:)1/255});
P6 = double{[x21{:) x22(:} x23(:) x24{:)1/255);
P7 = double({[x25(:) x26{(:) x27(:) x28(:)1/255);
P8 = double([x29(:) x30(:) x31(:) x32(:)1/255);
P9 = double {[x33(:) x34(:) x35(:) x36(:)]1/255);

P10 = double{[x37(:) =x38(:) x39(:) x40(:)]1/255);

patterns =[Pl P2 P3 P4 P5 P6 P7 PB P9 P10O];

$DATABASE FOR signal

M= [lLLOOOCO0O0010C00C0000O0CO0C0O01*%
0000000 O0;...

010000000001 0000000C00
0000O0O0C0OD0;...

0010000000001 00000CO0O00
1000000 0;

0o0o0l1l0o000CO0CO0O0C10OO0O00DO0O0GO0
01000O0T¢CO;

0000C1000CO000D001TO00OD0D0DO0O
001000GO0CO;

co0oo00CO0100000000031I000C00
0001 O0O0C0CDO0;
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00000010000C0000100C00000C0C0100000
0000100 0;...
00D00000GC10000000D0100000000010000
i 00000100;...
: 000000001 000000C00100C00000001000
| 000000 10;...
! 0000000001 00000000010G0C000000100
000000C 1l;

[g,h]l=size(patterns);
[m, h]=size (M)}
% CREATING AND INITIATING THE NETWORK
net = newff (minmax (patterns), [90 10], {'logsig', 'logsig'}, "traingdx');
%( for Change wkkk ok ok ok ok kb ok ok
net = init (net};
net . LW{2,1} = net.1W{2,1}*0.01;
net.b{2} = net.b{2}*0.01;

% TRAINING THE NETWORK
net.trainParam.goal
net.trainParam.lr =
net.trainParam. show

0.003; % Sum-squared error gocal.
.007;% Learning Rate ({ for change **#kdxkddx ki
10; % Prequency of progress displays {(in

IIOI!

epochs) .

net.trainParam.epochs = 3000; % Maximum number of epochs to train.
net.trainParam.mc = 0.03; % Momentum Factor.({ for change ***¥*kxdsdLxk
[net,tr] = train(net,patterns,M);

% Train Results
for k=1:h
patterns{:,k);
signal = sim(net,patterns(:,k))
end;

51 gnalinumber = 10;
signal expression = 4;
test patterns = [];
Thresh = 0.8;

yi=imread('tl.3pg'}; yl=lmresize(yl, [45 45], "bicubic');
yl=rgbZgray(yl);

yvZ=imread('tZ.jpg"}; y2=imresize(y2, (45

4571, "bicubic') ;y2=rgh2qgray{v2);

y3=imread{'t3.Jpg'}; y3=imresize(y3, {45 45], 'bicubic');
v3=rgbZgray(y3};

vd=imread{'t4.]jpg'); vi=imresize(y4d, [45

45], 'bicubic");vé=rgb2gray{v4);

yh=imread{'t5.jpg"'); yb=imresize(y>, [45 45], ‘'bicubic');
yo=rgbZgray(y>);

yo=imread{'t6.Jpg"); yb6=imresize(y6, [45 45], 'bicubic’);
yb=rgb2gray (y6};
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y7=imread('t7.9pg"):; y7=imresizel{y7,[45 45], 'bicubic®);
yil=rgblgray (y7);

y8=imread{'t8.3pg'); yB=imresize(y8,[45 45], 'bicubic"};
y8=rgbZgray (y8);

y9=imread('t9.3pg"); y9=imresize(y9,[45 45], 'bicubic");
v9=rgb2gray (y9};

yl0=imread ('t10.Jpg'); yl0=imresize(yl0, [45

4571, "bicubic') ;yl0=rgbZgray (y1l0};
yll=imread{'til.jpg"); vyll=imresize(yll, [4)

45], 'bicubic');yli=rgbZgray(yll);
yl2=imread('ti2.jpg'");yvl2=imresize{ylZ, [45

4571, "bicubic');ylZ=rgbZgray(ylZ);
yvi3=imread{'tl3.Jpg"); yl3=imresize(y13, [45 45], 'bicubic');
yi3=rgb2gray(y13);

yld=imread{'tld.jpg"); yld=imresize(yld, [45

457, "bicubic’) ;yld=rgb2gray(yl4};
ylb=imread{'tl5.jpg'); yl5=imresize(yl5, [45

457, "bicubic') ;yl5=rgb2gray(yl5);
yvil6=1imread{'tlé.ipg'}); ylo6=imresize(yl6, [45 45], 'bicubic’);
ylé=rgb2gray{ylG);

yvl7=imread{'t17.3pg'}; yl7=imresize(yl7,[45 45], 'bicubic');
yi7=rgb2gray{yl7);

yvi8=imread{'t18.jpg'); vlB8=imresize(yl1l8, [45

45], "bicubic") ;yl8=rgb2gray(yl8);
yl19=imread{'tl1%2.jpg’'); yl9=imresize(yl9, [45

451, "bicubkic');yvl9=rgbZgrayi(yl9);

y20=imread ('t20.9pg'); y20=imresize{y20, [45

45], "bicubic') ; y20=rgbl2gray{v20);
yZ2l=imread('t21l.Jpg"'); yZl=imresize{y2l, [45

457, 'bicublic') ;yv2l=rgbZ2grayi{yzl);

y22=imread ('t22.7pg'); y22=imresize{y22, [45

451, 'bicublic'};y22=rgbl2gray{y22);
y23=imread('t23.Jpg'); yZ3=imresize(y23,[45

451, 'bicublc') ; v23=rgb2gray(y23);

vZ24=imread ('t24.3pg"); y24=imresize(y24, [45

45], 'bicubic') ;y24=rgbl2gray{y24};
y25=imread('tZ5.3pg'); y2b=imresize(y25, [45

451, "bicubic');yv25=rgbl2gray{y25});
y2o=imread('t26.jpg'); y26=imresize(y26, [45

45], 'bicubic') ;y26=rgb2gray(y26);

y2l=imread ('t27.1pg'); y27=imresize{y27,[45

45], "bicubic') ;y27=rgb2gray{y27);
yv28=imread('t28.Jpg’); yZB8=imresize{y28, [45

45], "bicubic') ;v2B8=rgblgray{vZ8);

y29=imread ('t29.9pg'); y29=imresize(y23, [45

451, "bicubic') ;y29=rgb2gray{y29);
v30=imread('t30.jpg'); v30=imresize({y30, [45

451, "bicubic') ; y30=rgb2gray (yv30);
y3l=imread('t31l.Jpg'}); y3l=imresize(y31l, [45

451, 'bicubic') ; y3l=rgb2gray({y31);
yv3Z=imread('t3Z.jpg'); vy3Z2=imresize(y32Z, [45

45], "picubic') ;y32=rgb2gray({y32);
y33=imread('t33.Jpg'); y33=imresize (y33, [45

45], "bicubic') ;y33=rgbZgray(y33);
v34=imread('t34.9pg'); y3d=imresize(v34,[45

451, '"bicubic');y34=rgb2gray(y34);
y3o=imread('t35.7pg'); y3b=imresize (y35,[45

451, "bicubic') ;v35=rgb2gray{y35);
y36=imread('t36.Jpg'); y36=imresize (y36, [45

4571, "bicubic') ;y36=rgbl2gray{y36);
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y37=imread ('t37.jpg"}); yv37=imresize(y37,[45
45], 'bicubic') ;y37=rgb2gray(y37):;
y38=imread('t38.Jpg’); v38=imresize{y38, [45
451, 'bicubic');y38=rgbZgray(y38);
y39=imread{'t3%.Jpg"); y39=imresize(y39, [45
451, 'bicubic');y39=rgb2gray{y39);
v40=imread('td40.jpg'); y40=imresize(y40, [45
457, '"bicublc ") ;y4C=rgbigray(v40);

Pl test = double([yl{(:) v2(:) ¥3(:) yv4(:)131/255});
P2 test = double([ y5(:) y&6{(:) v7{:) yB(:}1/255);
P3 test = double([y2(:) y10{(:) yll(:) vy1l2{(:)]/258);

P4 test = double([yl3(:) yl4(:) yl5(:) yl6(:)]1/255);
P5 test = double{[y17(:}) ¥18(:) y19(:) vy20(:)1/255);
P6 test = double([y21(:) y22(:) y23(:) y24(:)1/255);
P7 test = double([y25(:) y26(:) v27(:) y28(:)]1/255);
P8 test = double([y29(:) y30(:) y31(:} y32(:)]/255);
P9 test = double([y33(:) y34(:) ¢35(:) ¥36(:)1/255);
P10 test = double{{y37(:} y38(:) y39(:) yd40{:}1/255);

test pattern=[Pl_test P2 test P3 test P4 test P5_test P6_test P7_test
P8 test PB test P39 test P10 test];

[m,nn]=size{test pattern);

%3s5=0;
i for k=l:n
| test patterni:, k};
ﬁ % s=s+1;
g diseasestest = sim(net,test pattern{:,k))
‘ end

cd('C:\Users\Dell\Desktop\databaseZ2\bm') ;
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2. The Second Experiment

clear all;
close all;

signal number = 10;
signal ewpression = 4;
PATTERNS = [];

$cd('F:\database? correction\Database'};
xl=imread('al.jpg'); xl=imresize{xl, [45 45], 'bicubic');
xl=rgbZ2gray{xl);

x2=imread('a2.jpg'); x2=imresize{x2, [45

451, '*bicubic') ;xZ2=rgbZgray(x2);

x3=imread('a3.Jpg"); x3=imresize{x3,[45 45], 'bicubic');
x3=rgb2gray(x3);

xd=imread{'ad.jpg'); xd=imresize(xd, [45

457, "bicubic') ;x4=rgbZgray(x4) ;

xb=imread({'ab.jpg'); xb=imresize (x5, [45 45], 'bicubic');
x5=rgb2gray(x5);

xb=imread('a6.jpg'); xt=imresize (x6, [45 451, 'bicubic');
x6=rgb2gray(x6);

xXT=imread('a7.jpg"); x7=imresize{x7,[45 45}, 'bicubic');
x7=rgbZgrav(x7);

xB=imread('a8.jpg'); xB=imresize(x8, [45 45], 'bicubic’);
x8=rgb2gray(x8);

x9=imread('a®.jpg'); x9=imresize(x9, [45 45], 'bicubic’);

x9=rgbZgray (x9);

x10=imread{'al0.ipg"); xi0=imresize (x10, [45
451, 'bicubic") ; x10=rgb2gray (x10);
xll=imread({'all.jpg'); xll=imresize (xll, [45
457, "bicubic') ;xll=rgb2gray{xll);
x12=imread{'alZ.jpg") ;xlZ2=imresize(x12, [45
451, 'bicubic') ;xl2=rgb2gray(x12);
x¥13=imread({'al3.jpg'); xl3=imresize(x13, [45 45], 'bicubiec');
x13=rgbZ2gray(xl13);

xld4=imread({'ald.djpg"); xld=imresize (xl4, [45
4571, 'bicubic') ;xld=rgb2gray{xid);
x15=imread{'alb.jpg’); xib=imresize(x15, [45
457, 'bicubic') ;xl5=rgb2gray(x15);
xl6=imread({'alé.jpg'); xl6=imresize (x16,[45 45], 'bicubic"');
xle=rgbZ2gray(x1l6);

¥l7=imread{'al7.jpg"); xl7=imresize (x17,[45 45], 'bicubic’);
x17=rgbigray(x17);

x18=imread('als8.ipg'); x18=imresize(x18,[45
457, "bicubic') ;x18=rgb2gray(x18);
%19%=imread{'al%.jpg"); x19=imresize({x19, [45
45], "bicubic") ; x19=rgb2gray{x19);
x20=imread({'az0.jpg"}; xZ20=imresize{x20, [45
45], "bicubic') ;x20=rgb2gray(x20);
x2l=imread('azl.jpg"); x2l=imresize (x21, [45
457, "kicubic') ;x21l=rgbh2gray{(x21);
x¥22=imread{'a22.jpg"); xZ22=imresize(x22, [45
457, 'bicubic') ;x22=rgb2gray (x22);
xZ23=imread('a23.4pg'); xZ3=imresize (x23, (45
457, "kilcubic') ;x23=rgb2gray{(x23);
xZ24=imread({'azd.jpg'); x24=imresize (x24, {45
4571, "bicubic") ;xZ24=rgbzgray(x24);
x2b=imread({'az5.ipg"); x25=imresize (x25, [45
45], 'bicubic') ;x25=rgb2gray{x25);
x26=imread({'az6.Jjpg");: x26=imresize (%26, [45
45], "bicubic') ;x26=rgb2gray{x26);

I1-6




x27=imread({'a27.jpg'}; x27=imresize (x27, [45
45], '"bicubic') ;x27=rgbZ2gray (x27);
x28=imread('aZz8.]jpg'); x28=imresize (x28, [45
457, "bicubic') ;x28=rgbl2gray (x28);
x2%=imread('a29.jpg'); x29=imresize(x29, [45
45], "picubic') ;x29=rgbZgray (x29);
x¥30=imread('a30.9pg'); x30=imresize(x30, [45
451, 'bicubic"} ;x30=rgb2gray (x30);
x31=imread({'a3l.jpg’); x3i=imresize{x31, [45
45], "bicubkbic") ;x31=rgbZgray(g31);
x32=imread('a32.]pg'); x3Z2=limresize{x32, [45
457, 'bicubic') ;x32=rgbZgray (x32);
x33=imread('a33.ipg'); x33=imresize (x33, [45
451, "bicubic') ;x33=rgb2gray(x33);
x34=imread('a34.ipg'); x34=imresize (x34,[45
45], 'bilcubic') ;x34=rgbZgray(x34);
x35=imread{'a35.jpg'); x35=imresire (x35,[45
45], 'bicubic’} ;x3h=rgb2gray (x35);
x36=imread{'a36.jpg'}; x36=imresize (x36, [45
457, "bicubic');;x36=rgb2gray{x36);
x37=imread('a37.jpg'}; x37=imresize (x37,[45
45], 'bicubic’};x37=rgb2gray{x37};
x38=imread{'a38.pg'); x3B=imresize (x38,[45
45], 'bicubic') ;x38=rgb2gray (x38);
x39=imread('al9.Jpg"'); x39%9=imresize(x39, [45
45], "bicubic') ;x39%9=rgb2gray (x39);
x40=imread{'a40.jpg'); x40=imresize (x40, [45
45], "bicubic') ;1 x40=rgbZ2gray (x40);

a={x1l,x2,x3,x4,xb,x6,x7,x8,x9,x10,x11,x12,x13,x14,x15,x16,x17,x18,x19,
®20,x21,x22,=x23,x24,x25,x26,%x27,%28,x29,x30,x31,x32,x33,x34,x35,x36,x3
7,x38,x39,x40};

for i=1:40
b{:,i)=reshape(a{l,i(:, )}, [1,1);

end

patterns=(];

for j=1:4

for i=j:4:36+]
patterns=[patterns b{:,1)];

end

end
patterns=double (patterns)./255;
% P1 = (double{[xI(:) m2(:) x3(:) x4{:)])1/255);
% P2 = (double({[ x5{(:) x6(:) =x7(:) xB(:)])/255);
% P3 = (double{[x9(:) x10{:) x11(:) x12(:)]1)/255);
% P4 = {(double([x13(:) x14(:z) =15(:) =16(:)]1)/255);
2 P5 = (double([x17(:) ®18(:) x19(:) x20(:)])/255);
% P6 = (double([x21(:) x22(:) %23(:) x24{(:)])/255);
% P7 = (double([x25(:) x26(:) =27(:) x28{:}11/255);
% P8 = {double([x2%(:) ®30(:) =31(:) =32{(:111/255);
$ P9 = {(double([x33(:} =x34{:) %3b(:) x36{:)])/255);

P10 ={(double([x37(:} x38(:) x39(:) =x40{:)]11/255);

Rl

20 oo

patterns ={P1 P2 P3 P4 P5 P6 P7 P8 P9 P10];

$DATABASE FOR signal
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M=[100000000010000000001000000060010
0000000 0;
0r100000CODO0O001I00000000010C000C0O0CO0CO0O0I1
0000OGCGO0OO0O0;
o0ocl1ro0000C0O0O0C00CGO100C0C0D0C0O0D0010000O0O0GOO0O
1000000 0;
0oco10000000CO0OO0CIT0CO0OCOD0001O00G0O0C0C0CO
0100000 0;
p0ocoo0lo00C0O00C0DO0ODO0O0O0C1000C0D0D00001000000C¢0
0010000 0;
g0oo0oo0010Cc000CO0OC0CCOO01I0C00CO00001000000
0001000 O0;
cooo000100C000CO0CO0O10000000002100000
0000C1000;
cocooco0o0o0l10000C0CCGCOO0O0D1I000O00000010000
0CcCO00O0C100;
cooo0oo00001000600000C010000000C0021000
oco00O0CO01O0;
goo0o00O0CO0O0COCGLIOO0OO0OCOCO0O10000000O0O01O0GC
000CO0O0O0O011;

[g,h]l=size{patterns);
fm,h]=size(M);
% CREATING AND INITIATING THE NETWORK
net = newff (minmax{patterns), [150 10],{'logsig',"logsig'}, 'traingdx");
9( for change Fok ok ko okkhk ok ok ok
net = Init(net);
net . LW{2,1} = net.LW{2,1}*0.01;
net.b{2} = net.b{Z}*0.01;

% TRAINING THE NETWORK

net.trainParam.goal = 0.003; % Sum-sguared errcr goal.
net.trainParam.lr = 0.04;% Learning Rate { for change *¥*&xddsddid
net.trainParam.show 10; % Frequency of progress displays (in

o |

epcchs) .

net.trainParam.epochs = 3000; % Maximum number of epochs to train.
net.trainParam.mc = 0.5; % Momentum Factor.({ for change ****kkkikrkxk
[net,tr] = train{net,patterns,M);

% Traln Results
for k=l:h
patterns {:, k) ;
traning = sim{net,patterns(:,k))

end;

pause; pause;

2092000202000 00000000000000000000000000009020020002000008000000004500804¢
OOOOOOOOOOOO'OOOODOOO"O‘OOOOOD'O0000'500'0O'O'OOb'O'OO'O'OOD'O‘O'OO'OOOOOOOO'OOOO'OOQ()O
20900000000

CODTOUDUOUDUOU OO0

signal number = 10;

signal expression = 4;
test patterns = [];
Thresh = 0.8;
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yi=imread('tl.dpg'); yl=imresize(yl, [45 45], 'bicubic’);
yl=rgbZgrayiyl};

y2=imread('t2.jpg'); yv2=imresize(y2,[45

45], "bicubic') ;y2=rgbZgray(y2};

y3=imread ('t3.Jpg'); y3=imresize (y3,[45 45],'bicubic);
y3=rgbZgray{y3};

vé=imread ('td.jpg"); yd=imresize(y4, [45

457, "bicubic’) ;yd=rgblgray(yd);

yS=imread ('t5.jpg'); vS5=imresize(y5, [45 45], 'bicubic');
yo=rgb2gray(yb)};

yo=imread ('t6.jpg"); yb=imresize (y6, [45 45], 'bicubic');
yé=rgb2gray{yé);

yl=imread ('t7.jpg'}; yT=imresize(y7,[45 45], 'bicubic");
y7=rgbZgray(y7};

y8=imread ("t8.jpg"'}; vB=imresize(y8,[45 45], 'bicubic");
y8=rgbZgray(y8);

y9=imread ('t9.jpg"'}); v9=inmresize(y9,[45 45], 'bicubic");
y9=rgbZgray(y9};

y10=imread('tl0.jpg'); ylO=imresize(y10, (45

457, 'bicubic'); yl0=rgb2gray{y10);
yll=imread('t11.jpg'); yll=imresize(yil, [45

457, "bicubic');yll=rgbZgray{yll);
v1lZ=imread('tlZ.jpg');vlZ=imresize(yl2, [45

457, "bicubic'};ylZ2=rgb2gray{y12);
vl3=imread('tl3.Jpg'); yl3=imresize(y13, [45 45], 'bicubic'};
v13=rgbZgray{yl3);

yld=imread('t1l4.qpg'); yld=imresize(yl4, [45

451, "bicukic'};ylé=rgbl2gray{yl4);
y15=imread('t1l5.9pg'); ylb=imresize(yl5, [45

45], "bicubic');yli=rgblZgray{yl5):;
ylo=imread('t16.4pg'); ylé=imresize(yl6, [45 45], 'bicubic'};
yv16=rgb2gray(yl6);

yl7=imread('tl7.dpg'); yl7=imresize(yl7, [45 45], 'bicubic'};
yl7=rgb2gray{v17);

yl8~imread('t18.3pg'); ylB=imresize(y18, [45

45], "bicubic');;yl8=rgbl2gray(yl8);
yl19=imread('t19.9pg"); yl9=imresize(y1i9, [45

457, 'bicubic');yl9=rgb2aray {y19);
yZ20=imread('t20.3pg'); y20=imresize(y20, [45

45], "bicubic') ;y20=rgb2gray{y20);
v2l=imread('tZl.ipg'); y2l=imresize(yZ2l, [45

45], "picubkict ) ;y2l=rgblgray(y21};
y22=imread('t22.9pg'); y22=imresize(y22, [45

45], "bicubic');y22=rgb2gray{y22);
y23=imread('t23.Jpg'); v23=imresize(y23, [45

4571, "picubic') ;y23=rgbl2gray(y23};
yv24=imread('t24.9pg'); yZi=imresize(y24, [45

451, "bicubic') ;y2d=rgblgray{v24i};
vZh=imread('t25.3pg"); y2b=imresize(y25, [45

457, "bicubic');y25h=rgb2gray{yv25};
yZ6=imread('t26.jpg'); vZ26=imresize(y26, [45

451, "bicubic') ;y26=rgblgray{(y26};
vZ7=imread('tZ27.jpg'); v27=imresize(y27,[45

45], "bicubic');y27=rgb2gray(y27);
yZ28=imread('t28.jpg'); vZ2B=imresize(y28, [45

451, "hicubic!') ;y28=rgbl2gray(y28};
yZ29=imread('t2%.7pg'); v29%=imresize(y29, [45

451, "bicubic') ;y29=rgb2gray(y29);
y30=imread('t30.jpg'); y30=imresize{y30, [45

45}, "bpicubic');y30=rgb2gray(y30);
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y3l=imread{'t31.Jdpg'); y3l=imresize(y31l, [45
45], 'bicubic') ;v3l=rgbZgray{y3l);
y32=imread{'t32.jpg"); vy32=imresize(y32, (45
45], 'bicubic') ;y32=rgbZgray(y32);
y33=imread ('t33.9pg'); y33=imresize(y33,[45
451, 'bicubic');y33=rgbl2gray (y33);
y34=imread('t34.Jpg'); y34=imresize(y34, [45
45], "bicubic');y3d=rgbZgray(y34};
y35=imread{'t35%.jpg"); y3b=imresize(y35, [45
45], 'bicubic') ;y3b=rgbZgray(y35);
y36=imread{'t36.Jpg'); y3o=imresize(y36, (45
45], "bicubic') ;yv36=rgbZgray{y36);
y37=imread('t37.3pg"); y37=imresize(y37,[45
451, 'bicubic®) ;y37=rgb2gray(y37);
y3B8=imread('t38.7pg"'); y38=imresize (y38, [45
451, "bicubic') ;y38=rgbZgray (y38);
¥39=imread('t39.ipg'); y39=imresize(y39, (45
451, "bicubic') ;y39=rgb2gray(y39);
y40=imread ('t40.jpg"); y40=imresize (y40, [45
4571, "bicubic') ;yi0=rgbZgravy (y40);

aa:{yl,yZ,yS,y4,y5,y6,y7,y8,y9,y10,y11,y12,y13,y14,y15,y16,y17,y18,y19
(¥20,v21,v22,y23,y24,v25,y26,¥27,y28,y29,y30,v¥31,y32,y33,y34,y35,y36,y
37,y38,y39,v40};

for i=1:40
bb(:,i)=reshapelaal{l,il{:,:)},[]1,1);

end

test pattern=[];

for 4=1:4
for i=j:4:36+]

test pattern=[test pattern bb(:,1)];

end

end

test pattern=double (test pattern)./255;

test pattern=[Pl test PZ test P3 test P4_test P5 test Pé6 test
7 test P8 test P8 test P9 test P10 test];

% Pl test = double({yl(:) v2(:} ¥3(:) y4(:}]/255);

% P2 test = double ([ y5(:) y6(:) y7(:} y8(:)1/255);

% P3 test = double([y9(:) y10{:} y11l(:) yl2{:)1/255);
% P4 test = double([yl13(:) v1l4{:) yl15{:) y16(:)1/255);
3 P5 test = double([yl7(:) y18(:) y19(:) y20(:)1/255};
% P6 test = double([y21(:) v22Z(:) y23(:}) y24(:)]1/255);
$ P7 test = double([y25(:) y26(:) y27(:) y28(:)1/255};
% P8 test = double([y29(:) y30(:) y3L(:) y32(:)]/255};
% P9 test = double([y33(:) y34(:) y35(:) y36(:)1/255};
% P10 test = double{ly37(:) y38(:) y39(:) y40(:)1/255);
%

P
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[m,nl=size{test pattern);
$s5=0;
for k=1:n
test _pattern{:,k);
% s=s5+1;
testing = sim(net,test pattern(:,k))
end

%cd('F:\datakase2 correction\Database'};

3. The Third Experiment

clear all;

close all;

signal number = 10;

signal expression = 4;

PATTERNS = [1;

cd ("F:\SLR\Program\3rd Experiment');
xl=imread{'al.jpg'); xl=imresize (x1,[45 457,
x1l=rgbZgray (x1);

x2=imread ('a2.jpg'); x2=imresize (x2, [45

45], "bicubic') ;x2=rgbZgray{x2);
x3=imread({'a3.jpg'); x3=imresize(x3, [45 45],
x3=rgb2gray {x3};

¥d=imread|{'ad.jpg'}; xd=imresize (x4, [45

45], "bicubic');xd=rgbZgrav{xd);
xb=imread({'ab.jpg'}; xb=imresize (x5, [45 451,
x5=rgb2gray{x5);

x6=imread{'ac.jpg'}; x6=imresize (x6, [45 45],
x6=rgb2gray (x6);

x7=imread({'a7.jpg'}; x7=imresize (x7, [45 45],
xT7=rgbZgray (x7);

x8=1mread{'a8.jpg'); xB=imresize (x8, [45 45],
x8=rgbZgray (x8) ;

x9=imread('a%.jpg'); x9%=imresize (x9, (45 45],
x9=rgbZgray (x9);

x10=imread('all.jpg'); x1l0=imresize (x10, [45
457, "bicubic'); x10=rgh2gray(x10) ;
xll=imread('all.jpg'); xll=imresize(xll, [45
451, "bicubic');xll=rgb2gray(xll};
x12=imread(*al2.ipg');xl2=imresize(x12, [45
45], 'bicubic');x1l2=rgb2gray(xl2};
x13=imread('al3.jpg'); x1l3=imresize (x13, [45
x13=rgbZ2gray(xl13);

xld4=imread('ald.jpg'); xld4=imresize(x14, [45
45], 'bicubic') ;xld=rgb2gray(xl4};
x15=imread('al5.ipg'); x1b5=imresize(xlh, [45
457, 'bicubic') ;x15=rgb2gray(x15);
xl6=imread('al6.jpg'); xlé=imresize{x16, [43>
xl6=rgbZ2gray(x16);

x1l7=imread('al7.ipg'); xl7=imresize{xl7, [45
x17=rgbh2gray (x17);

x18=imread{'al8.dpg'); x18=imresize (x18, [45
45], 'bicubic') ;xi8=rgb2gray (x18);
x19=imread('al%.jpg'}; x19=imresize{x1l9,[45
45], 'bicubic’) ;x19=rgb2gray(x19);
x20=1imread('a20.dpg'); x20=imresize (x20, [45
457, 'bicubic") ;x20=rgb2gray (x20};
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x21=imread('a2l.jpg'); x2l=imresize{x21,[45
45], 'bicubic') ;x21i~rgb2gray (x21) ;
x22=imread('a22.Jjpg'); x22=imresize{x22,[45
45], 'bicubic') ;x22=rgb2gravy(x22);
x23=imread{'a23.9pg'); x23=imresize (x23,[45
45], 'bicubic') ;x23=rgbh2gray (x23);
x24=imread{'aZ2d.jpg'): x24=imresize (x24,[45
4571, "bicubic’) ;x24=rgblgray(x24);
x25=1imread{'a25.jpg'); x25=imresize{x25,[45
45], 'bicubic’) ;x25=rgbZgray (x25) ;
x26=imread{'a26.jpg'); x26=imresize(x26,[45
45], 'bicubic') ;x26=rgb2gray(x26) ;
x27=imread({'a27.jpg"); x27=imresize (x27, [45
45], "bicubic');x27=rgbdgray(x27);
x28=inread{'aZ8.jpg"); xZB=imresize (x28, [45
45], 'bicubic') ;x28=rgblgray(x28);
x29=imread{'aZ9%.ipg'}; x29=imresize(x29, [45
451, "bicublic') ;x29=rgblZgray(x29) ;
x30=imread{'a30.Jpg"); x30=imresize(x30, [45
45], 'bicubic') ;x30=rgbZ2gray (x30);
x31=imread('a3l.ipg'}; x3il=imresize(x31, [45
4571, "bicubic');x31=rgbZgray(x31};
x32=imread('a32.Jpg'}; x3Z2=imresize(x32, [45
451, "bicubic') ;x32=rgbZgray({x32);
x33=imread('a33.jpg'); x33=imresize(x33, [45
451, "bicubic') ;x33=rgbZgray(x33};
x34=imread('a34.Jpg'}; x34=imresize(x34,[45
457, "bicubic');x34=rgbZgray(x34};
x35=imread('a35.dpg'); x35=imresize (x35, [45
457, "bicubic') ;x3b=rgb2gray {x35};
x36=1imread('al36.jpg'); x36=inresize (x36, [45
457, "bicubic') ; x36=rgb2gray{x36);
x37=dmread('a37.jpg'); x37=inresize (x37,[45
45], 'bicubic') ; x37=rgb2gray (x37);
x38=imread('a38.jpg'); x3B=imresize (x38, [45
451, "bicubic') ;x38=rgbZgray {x38);
x39=imread('a3%.jpg’); x39=imresize(x39, [45
451, 'bicubic'} ;x39=rgb2gray(x39);
x40=1imread('ad0.jpg"'); x40=imresize (x40, [45
457, 'bicubic') ;x40=rgbl2gray (x40);

Pl = double({x1{:) x2{:) =3{:) x4(:)]1)/2585;
double{[ x5(:} x6{:) x7(:) =8B(:)])/255;

P2 =

P3 = double{i{x9(:) =10(:) x11(:) x12(:)]1)/255;
P4 = double({x13(:) x14(:} x15(:) x16(:)])/255;
P5 = double([x17(:) x18(:) x19(:) x20(:)])/255;
P6 = double{{x21(:) x22(:) x23(:) x24(:)]1)/255;
P7 = double(Ix25(:) x26(:) x27(:) x28(:)]1)/2585;
P8 = double({Ix29(:) x30(:) x31(:) %32(:)])/255;
P9 = double{[x33(:) x34(:) x35(:) x36(:)])/255;
P10 = double([®37{:) x38(:) x39(:) x40(:)]1)/255;

patterns =[{P1 P2 P3 P4 P5 P6 P7 P8 P9 P10];

%DATABASE FOR signal
M=[10000000CO01000C000001C0000C00O0CO01ITC
00000O0CO0O0;...

0i1o000O0O0O0COOQQO0O1000C0O0CO0O0COLOOOCOODCGO0OO01
0000000 O0;...
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0010000000001 C00000000100000000G0
1000000 0;

000100000000 0100000000C0100000000
51060000 0;

00CO010000000D00100000000010C00000
D010000 0;

00000100000000010000000001000090
00010090 0;

0000010000 DO0CO0TO00HD0C0O00C00100000
0000100 0;

000C00D001000000C00010000CG00000CG10000
D0 00010 0;

DOODOD0DO0O00D1I0CDO0D000CO01T00000G000C1000
0000001 0;

0000000001 0C000000C00C10000000001GC0O0
0000000 1];

[g/h]=size(patterns);
[m, h]l=size (M);
% CREATING AND. INITIATING THE NETWORK
net = newff (minmax(patterns), {150 10],{'tansig', 'logsiqg'}, 'traingdx"’);
%( for Change dok ok ok ok Aok ko ok ke ke
net = init{(net);
net.LW{2,1} = net.LW{Z,1}1*0.1;
net.b{2} = net.b{2}*0.01;

% TRAINING THE MNETWORK
net.trainParam.goal
net.trainParaa.lr =
net.trainParam. show
epochs) .

net.trainParam.epcchs =
net.trainParam.m¢c = 0.5;

.0003; % Sum-sguared error goal.
7% Learning Rate { for change ****Fketwdid
0; % Freguency of progress displays (in

o il

100000; % Maximum number of epochs to train.
% Momentum Factor.{ for change *****+&FkLbts

[net,tr] = train(net,patterns,M);

% Train Results
for k=1:h
patterns{:, k) ;
gsignal = sim{net,patterns{:,k))
and;

CET AR EA A SR RN AR R AR R A R R R R AR R R R R R LR L EE R R A E AR R R R R
533525992%%

signal number = 10;

signal expression = 4;

test patterns = [];
Thresh = 0.8;

yl=imread('tl.jpg'); yl=imresize{yl, [45 45], 'bicubic');
yl=rgb2gray(yl);

yZ2=imread{'t2.jpg'); yZ=imresize(y2, [45

457, *bicubic’);y2=rgb2gray(y2);
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y3=imread{'t3.jpg'); y3=imresize(y3,[45 45],
y3=rgb2gray(y3);

yvi=imread{'t4.jpy’); yvd=imresize(y4, [45

457, "bicubic');vé=rgbZgray{yd);
yo=imread{'t5.3pg"'); yb=imresize(yb, [45 45],
yo=rgbZgray{y>);

yo=imread{'t6.jpg"); yé=imresize(y6, [45 457,
yo=rgb2gray(ye);

y7=imread{'t7.jpg"):; y7=imresize(y7,[45 4£5],
y7=rgbzZgray{y7);

y8=imread('t8.jpg’); yB=imresize(y8, [4D> 45],
y8=rgbZgray{y8) ;

y9=imread{'t9.jpg’'); y9=imresize(y9, [45 457,
y9=rgbZgray (y%);

yl0=imread('t10.jpg"); yl0=imresize(yl0, [45
457, "bicubic') ;ylO0=rgbZgray (y10};
yll=imread('tll.jpg"); vll=imresize(yll, [45
45], "bicubic") ;yll=rgblgray(yll):
yvl2=imread('t1l2.dpg');yl2=imresize(y1i2, [45
45], 'bicubic') ;yl2=rgb2gray(yl2);
yl13=imread('tl3.jpg'}; vl13=imresize(yl3, [45
v13=rgb2gray{yl3)};

vld=imread('tid.Jjpg'}; vld=imresize(yl4, [45
45], 'bicubic'});yld=rgbZgray(yl4);
y15=imread{'tl5.Jpg'); ylS=imresize(yl>, [45
451, 'bicubic') ;ylb=rgb2gray(y15);
yle=imread{'tl6.jpg"); ylé=imresize(yl6, [45
ylé=rgbZgray(ylé);

yl7=imread{'t17.3pg"); ylil=imresize{yl7, [45
yl7=rgbZ2gray{(yl7);

yl8=imread{'tl8.dpg'); yl8=imresize(yl8, [45
45], 'bicubic");yl8=rgbZgray{v18):
y19=imread{'t19.jpg'); yl9=imresize{yl9, [45
451, 'bicubic');yl9=rgbZgray (v19);
y20=imread{'t20.9pg'); y20=imresize{y20,[45
457, "bicubic"); y20=rgbZ2gray {y20);
y2l=imread{'t21l.ipg'}); vZ2li=imreslze(y21l,[45
451, "bicubic') ;y2l=rgbZ2gray{y2l) ;
y2Z2=imread('t2Z.jpg'); yZ22=imresize(y22,[45
457, 'bicublc'};y22=rgbl2gray(y22);
y23=imread('t23.jpg'); yZ3=imresize(y23, [45
457, "bicubic');y23=rgblZgray(y23);
y24d=imread ('t24.jpg'); y24=imresize (y24,[45
451, "bicubic');v24=rghZgray(y24);
y2b=imread ("t25.7pg"); yv25=imresize(y25, (45
45], 'bicubic') ;y25=rgbZgray(v25};
yeb=lmread('t26.jpg"); y26=imresize(y26, [45
45], 'bicubkic');v26=rgbl2gray{v26};
y27=imread("t27.4pg"); y27=imresize(y27, [45
45], 'bicubic') ;yvZ2i=rgblZgrayi{y27});
y28=imread('"t28.9pg"); y28=imresize(y28, [45
45], 'bicubic') ;y28=rgbZgray(y28);
y29%=imread ("t29.9pg"); y28=imresize(y29, [45
45], 'bicubic');v29=rgbl2grav(yZ9);
y30=imread('t30.7jpg"); y30=imresize{y30, [45
457, "bicubic') ;y30=rgbZ2gray(y30);
y3l=imread('t31l.jpg'}; y3l=imresize(y31l, [45
4571, "bicubic');y3l=rgbZ2gray(y31);
y32=imread ('t32.jpg'); y32=imresize(y32, [45
451, "bicubic');y32=rgbZgray(y32);
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y33=imread{'t33.7pg"'); y33=imresize{y33,
451, "bicubic');y33=rgbZgray({y33):
y3d=imread('t34.jpg"); y34=imresize(v34,
45], "bicubic");y34=rgbZgray(y34);
y35=imread('t35-jpg‘); y35=imresize {y35, [45
45], 'bicubic") ; y3h=rgbZgray (y35);
y36=imread ('t36.jpg"); y36=imresize(y36, [45
451, "bicubic') ;v36=rgbZgray(y36};
y37=imread ("t37.jpg"}:; y37=imresize{y37, [45
451, "bicubic");y37=rgbZgray(y37};
y38=imread ('t28.9pg"); y38=imresize{y38, [45
45], 'bicubic’) ;y38=rgbZ2gray(y38};
y39=imread('t32.3pg"); y39=imresize(y39, [45
457, 'bicubic') ;y39=rgbZgray(y39);
v40=imread ('t4C.jpg'); y40=imresize (y40, [45
45], "bicubic') ;y40=rgbZgray{yv40d);

[45

(45

Pl test = double([yl(:) y2{(:) y3{:) y4(:)1)/255;

P2 test = double([ y5&(:) y6{:} v7(:) y8(: }])/255

P3 test = double({[y2{:) yil0{:)} vI11(:) y12(:)])/255;
P4 test = double([yl3(:) yl4(:) y1b(:)} y16( )])/255
P5 test = double([yl7(:) ylB8(:) y18{:} y20(:}1)/255;
P6 test = double({y21(:) y22(:) y23(:) v24(:}1)/255;
P7 test = double{[y25(:) ¥26(:) y27(:)} y28{(:)]1)/255;
P8 test = double{[y29(:) y30(:) y31(:} y32(:)1)/255;
PY test = double([y33(:) y34(:) y35(:) y36(:)1)/255;
P10 test = double([y37(:) y38(:) y39(:) y40(:)1)/255;

test pattern=[Pl test P2 test P3 test P4 test PS5 test P6 test

P8 test P8 test P9 test P10 _test]:;

[m,n]=size(test pattern);

25=0;
for k=1:n
test pattern(:,k):
% smsxl;
diseasestest = sim{net,test pattern(:,k})
end

cd ("F:\SLR\Program\3rd Experiment’');
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