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ABSTRACT

Local Receptive Fields Based Extreme Learning Machine for Face Recognition

In the recent years, many face recognition methods were developed and applied in
the image processing applications, such as artificial neural networks (ANN), convolutional
neuron network (CNN), Gaussian mixtures and so on. However, each of them is suffering
from some issues like the local minima, intensive human intervention rate, and slow
convergence. CNN generally uses the back propagation (BP) learning procedure, which
has very long training periods. In addition, back-propagation generally tends to reach a
local minimum. While each of the above methods needs many iterations to reduce the error
rate in the training section, we apply extreme learning machine, which it runs throw
pooling map with Local receptive fields, in this case, the proposed method can get the
result just in one iteration. In addition, ELM proposed to alleviate these drawbacks of the
back-propagation method. The Extensive experiments were conducted on three face
datasets namely Caltech, UFI, and CBCL. The obtained results are encouraging and
compared with several other results previously reported. Testing accuracy in Caltech face
dataset is 98.15%, also in the CBCL dataset is 98.34% and in UFI face dataset is 66.11%.
Based on the above result the extreme learning machine based on local receptive fields can

have more advantage among previous methods used for face recognition.

Keywords: Deep extreme learning machine, face recognition, image processing.



OZET

Yiiz Algilama Icin Yerel Algilayic1 Alanlara Dayah Asir1 Ogrenme Makinesi

Son yillarda birgok yliz tanima yontemi gelistirilmis ve yapay sinir aglart (ANN),
konvolusyonel ndéron agi (CNN), Gauss karisimlart ve benzeri gibi goriintii isleme
uygulamalarinda uygulanmistir. Bununla birlikte, her biri yerel minimum, yogun insan
miidahale oran1 ve yavas yakinsama gibi bazi konulardan muzdarip. CNN genellikle ¢ok
uzun egitim siirelerine sahip olan geri yayilim (BP) 6grenme prosediiriinii kullanir. Buna
ek olarak, geri yayilim genellikle bir yerel minimuma ulagsma egilimindedir. Yukaridaki
yontemlerin her biri, egitim boliimiindeki hata oranini diisiirmek i¢in bircok yineleme
gerektirse de, asir1 6grenme makinesini uyguladigimizda, bu da yerel algilayici alanlar ile
esleme haritasini atamaktadir; bu durumda, onerilen yontem sadece tek bir iterasyonda
sonuglar1 elde edebiliyor. Buna ¢k olarak ELM, geri yayilim yonteminin bu
dezavantajlarint hafifletmeyi onermistir. Ayrica, Caltech, UFI ve CBCL olmak iizere ii¢
yiiz veri setinde kapsamli deneyler yapilmistir. Elde edilen sonuglar cesaret vericidir ve
daha oOnce bildirilen birka¢ baska sonu¢ ile de karsilastirilmistir. Caltech yliz veri
kiimesinde test dogrulugu %98.15, CBCL veri kiimesinde %98.34 ve UFI yiiz veri
kiimesinde %66.11'dir. Bu nedenle, yerel algilayicili alanlarina dayanan asir1 6grenme
makinesinin yliz tanimada kullanilan Onceki yontemler arasinda daha fazla avantaj

saglayabilecegini gorebiliriz.

Anahtar Kelimeler: Derin asir1 6grenme makinesi, yiiz tanima, goriintii isleme

\
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1. INTRODUCTION

The demand for higher level security needs has pushed the technology to expand to
meet this demand. New technologies being developed are bound to have a certain feature
to make them acceptable worldwide. They ought to be acceptable and less complicated to
meet the needs of all the users globally. Therefore, the need for powerful, user-friendly
schemes, capable of protecting the users’ privacies and protecting their assets has attracted
interests from diverse scholars. This field of study that concerns with the application of
statistical analysis to biological data is called biometry. Biometrics refers to the
measurement and statistical analysis of people’s specific physical and behavioral
characteristics. The underlying principle is that individuals can be identified by their
physical and behavioral characteristics. There are diverse scientific notations of
mathematical introductions for face recognition. These include areas such as pixel
arithmetic for readers concerned with the mathematical representation and perspectives of
a pixel in face recognition applications. The face recognition technology is based on
mathematical principles. Therefore, researchers are indulged in efforts to find an algorithm
that can be applied in solving all biometric systems. This implies that the face recognition
technology is still unresolved issue that demand inputs from scholars around the world.

A quick search of the phrase Face Recognition in the Institute of Electrical and
Electronic Engineers Journal reveals over 26,000 results with over 3,000 publications in
journals and magazines. This is because the technology attracts interests from diverse
fields as it is applicable in numerous areas. These include areas such as photography,
virtual reality applications, human-machine interactions, and as well in the security
applications. The diverse interests attract scholars from different fields in an attempt to
solve some of the existing issues in the face recognition technology. Another reason for
diverse interest is owing to the fact that the technology is also applicable in the recognition
of the subjects and patterns, processing images, graphics, and as well applications in the
social sciences such as psychology [1]. The topic of face recognition has been in existence
for decades. The earlier focus was in the field of psychology through factors such as facial
expression, perceptions, gestures, interceptions, and ability to read emotion in people in
1960s [2]. Bledsoe, alongside Bisson made some progress utilizing computers in the

recognition of human faces [3-5]. There were some controversies on the source of funding



and therefore, some of the research papers were never published. Bledsoe developed and
tested a semi-automatic application that was intelligent for the modern face recognition
technology. A human operator selected some face coordinates, and then the system used
this information for the recognition. The investigation identified a complex issue that has
been a subject of debate for over 50 years. These include the variations in the illumination,
expressions and ability to rotate the heads and aging among others in an effort to define
unique features that can be used to identify an individual. To date, modern scholars still try
to define the features such as the size of various facial features and organs to identify
various individual features. An example was Lesk and Harmon [6] who applied the
technology in Bell laboratories. They were able to define a vector that identified over 20
features such as the length of the nose, height of the ear protrusion, eyebrows as the
foundation of the face recognition using the identification of such patterns. Their procedure
was detailed and applied local template identical and as well the global measure of fit in
the determination of parameters that would be used in the face recognition.

The 1970’s was an interesting period as scholars sought to have a defining feature
that will be applied in the future technologies. Some scholars opted for a definition of the
face as a geometrical shape and then drew some precognitive patterns that would be
applied in the recognition of the face. A major breakthrough came in 1973 when Kanade
developed and applied a computer program that could carry out the task without the need
for human intervention [7]. He developed a system that was applied in the recognition
based on the extraction of 16 parameters without the need for human intervention. This
was the first milestone towards facial recognition systems that did not need human
intervention to implement. This system worked on the same principles as a human system
as it would extract the needed parameters and identify the patterns in them in an effort to
determine the main features. His accuracy rate was below 75% but was quick to note that
the accuracy could be improved if some irrelevant features were to be left out. This was a
foundation that guided the later studies in 1980’s as subsequent scholars sought to build on
Kanade's achievements. Other scholars tried different approaches such as template
matching methods which were extrapolated with other strategies such as the application of
deformable patterns. The decade also brought about new technologies such as the
introduction of algorithms that employed the artificial neural networks. This was termed as

eigenfaces and was the leading technology in the subsequent years.



Sirovich et al. were the creators of this new technology [8]. Their approach was
founded on the principle of component analysis. Their efforts aimed at representing the
image in a miniature without losing details. The saved dimensions could then be used in
the reconstruction and these formed the bases for the subsequent studies that were carried
out in the subsequent periods. While it applied by some scholars in the development of a
procedure that was to be applied in the following decade. 1990 has brought a new phase in
the technology as eigenface and further developments using the state of art technology and
as well as the first industrial order was made. It obvious the new stage of
commercialization of the technology that paved ways for further refinement and
development. In another instance, Turk and Pentland of MIT made a breakthrough in
advancing the eigenfaces technology of face recognition [9]. Their approach was unique
because it was able to find a target head, save track and as well as classify it based on
certain criteria. The technology has been further embraced and investigated even in the
years after the 1990s. New strategies and procedures have been developed to improve on
the previous models such as the Linear Discriminant Analysis, Principle component
analysis, and the independent component analysis and as well their derivatives. This paper
will elaborate more on other approaches and techniques that are applicable today. The
paper will also highlight the evolution of the facial recognition technology and the
milestones that have been achieved so far.

1.1. Face Recognition

Face recognition is one of the most effective apparatus that is used in the
understanding and as well in the processing of images. In the recent past, face recognition
technology has received a lot of attention owing to its diverse applicability. Some of the
notable use security on photos and in videos as well. The technology has also been
developed for use in such activities such as curbing election frauds. Numerous conferences
have been organized in an effort to support the growth and development of the technology.
An example is the Audio- and Video-Based biometric human authentication [10]. Another
procedure is the unmanned face and expression recognition [11], empirical evaluations
methodology of face recognition technology. Others include XM2VTS database [12]
protocols and FERET. The growth in this technology has been fuelled by its applicability

in the enhancement of the national security apparatus and as well a diverse commercial



application in other sectors. The technology has been in the development stage for over 30
years and has yielded a perfect technology that is effective and reliable. High demand for a
simple but secure technology that is capable of protecting the privacy and assets without
having to involve numerous statistical approaches has necessitated the development of the
facial recognition technology. The modern technology uses personal identification
numbers (PIN) to access services such as the automated teller machine (ATM), in others
such as access to devices and computers, one need to key in a combination of passwords
and numbers which requires physical involvement to gain access. There are other available
technologies available today such as retinal or iris scans, fingerprint scans, and palm scans
among others, they all rely on the client’s cooperation and thus, the security personnel will
have to install barriers and other restrictions to force people to use the security measures.
Face recognition technology is ideal as it will not depend on the participants’ as showed in
Table 1.1. Willingness to collaborate and as well the information. The face recognition
technology is therefore decent and more effective as compared to the others. The table

below highlights some practical applications of the facial recognition technology.

Table 1.1. The typical practical applications of the technology

Areas Specific Applications

Entitlement Programs ,Drivers' Licenses

Biometrics Passports ,Voter Registration ,Immigration, National 1D
\Welfare Fraud

Desktop Login (Windows, Windows NT,)

File Encryption, Database Security, Application Security

Information Security i _ _
/Access to internet services, Health Records, Intranet Security

Secure banking and trading channels over the internet

Control of the CCTV and Video Surveillance, including

Law Enforcement application after an event.

and Surveillance Investigating petty crimes such as shoplifting and as well as
tracking suspects

Smart Cards User Authentication in stores

Access Control 'Vehicular Access and as well as buildings




The technology is applicable in many areas and one such application is in the
identification of a face in a playing video or a captured scene. The technology is applied in
the verification and picking of the face in a captured image or in a playing video. The
system works in two ways; by comparing the face with the images in the database; and
then releasing the required information such as the gender, and other identifying aspects of
the target face. The application uses strategies such as segmentation of the faces from
scrambled scenes and as well as narrowing some unique features on the face to verify or
identify a face from the images. In this case, the input is a face that is not known and the
system returns the results with the details of the unknown face in the identification case.
On the other hand, in the verification process, the application rejects or accepts a claim that
is made in regards to a particular face. The law enforcement and as well the commercial
application of the face recognition technology can either be static, controlled environment,
and uncontrolled images which can be static or dynamic. The nature of the images
determines the nature of the application and as well the technique that will be used in
processing the images. The images pose challenges that determine the quality of the
obtained images and thus dictating the technique that will be applied in identifying the
target faces. These include factors such as the image clutter and background noises
affecting the ability to identify of clarifying a certain target face. The availability of a
specific criterion that will be applied and as well the presence of separation algorithms
determines the ability to get accurate outputs. In some cases, the objectives are to
determine how a face would look like while ageing. Therefore, the algorithms, in that case,
are only designed to transform an image and show the changes that would occur to an
individual face over time. Therefore, depending on the desired outputs, the algorithms and
the inputs are different to facilitate the creation of the targeted outputs.

The technology has undergone several transformation and developments to achieve
its current state. In addition, it gives a substantial review of the procedures and tactics that
were available by its idea. This preceded by another review in Chellappa et al. [15] that
showed a huge transformation within a period of fewer than three years. A notable fact was
that the facial recognition on dynamic targets such as the case in the videos was in the
development stages. The video face recognition received massive interests from the
stakeholders facilitating its growth and development to its current level. The process of

face recognition is highlighted in the flowchart below. The process demonstrates the



phases of the procedure right from the input feeding, pre-processing, processing and the

display of the output (Figure 1.1).
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Figure 1.1. Face recognition Process

1.2. Literature review

In this chapter, we are going to provide the detailed survey of the face recognition
investigations. There are literally thousands of papers has been dedicated to this evaluation
by diverse scholars throughout the globe. There are two primary objectives of this study:
the first is to offer some insights on the face recognition technology and the second is the
provision an up-to-date review of the current publications on the topic. In an effort to offer
and provide a comprehensive survey, existing face recognition procedures are detailed and
categorized and representative techniques within each group are presented in the section
below.

Wright et al. proposed multiple linear regression models to recognize the human face
in frontal viewing by the sparse signal representation which it offers the key to addressing
this problem [16]. Two algorithms have been applied in this investigation which is Sparse
Representation-based Classification and Feature Extraction and Classification Methods,
they used AR database which contains 4000 frontal images and some non-face images, the
algorithm was able to reject nonface images, the result in this study was achieved 98%
recognition rate.

Tan et al. proposed a face representation approach where authors used to combine
the strengths of robust illumination normalization and local texture [17]. Authors alleviated
the effects of changing illumination by employing a simple and efficient pre-processing

chain. In addition, authors proposed Local Ternary Patterns (LTP) for describing the local



texture. Authors used Face Recognition Grand Challenge, Extended Yale-B, and CMU PIE
datasets in their experimental works and obtained impressive results.

Zhao et al. proposed an OpenCV facial Haar-like structure, which is used to identify
the face regions and the Principal Component Analysis (PCA) used for quick extraction of
the face features and the Euclidean distance employed in the face recognition section [18].
The techniques showed that the test results showed that the system has a stable operation
and high recognition rate.

Samaria et al. proposed a spatial observation classification method [19]. Authors
extracted from a face image by using a group sampling method. Each face image was
characterized by a 1D vector sequence of pixel observation. Each observation vector is a
block of L lines and there is M lines overlap between successive observations. Unidentified
face first tested to an observation sequence. Then it is matched in all HMMs face database.
The match with the highest likelihood is considered the best match and the relevant model
reveals the identity of the test face.

Hesher et al. realized principal component analysis (PCA) methods by using
different numbers of the eigenvectors and the image sizes [20]. Each image has 6 different
facial expressions in the face dataset for each of them. The performance reported result
from using multiple images per subject in the gallery then it raised the recognition rate.

Yang et al. proposed a new procedure for computation of the covariance matrix using
triple images where each image was taken in the different illumination condition [21].
Authors used the FERET database and the obtained accuracy was 95% for test set images.

Zhang et al. suggested a novel technique to extract illumination insensitive
landscapes for face recognition under changing lights, which was called the Gradient-faces
[22]. Gradient-faces method is robust to different illumination conditions. In addition, the
gradient domain can discover the underlined structure of the images, for this propose they
used PIE database which achieved 99.83% of the recognition rate and from the Yale-B
database 98.96% recognition rates.

Liao et al. proposed a novel method for face image recognition which extracts
texture features from face images [23]. The proposed method is robust against rotations of
the face images. The method is less sensitive to histogram equalization. Authors compare
two features, the first one is dominant local binary patterns and the second is
supplementary features. Their result showed that this approach achieves better accuracy

than other methods used in texture databases.



Sun et al. used the set of high-level approach representation as the deep hidden
IDentity (DeeplD) for the face confirmation [24]. The DeeplD can effectively learn multi-
classes through the challenging the faces. The DeepID increases more face classes at
training section. Therefore this approach can add more than 10,000 faces in the training
section and configured to keep reducing the number of neurons along the hierarchy in
addition any state-of-art classifies can be learned based on their approach and they
achieved 97.45% of recognition rates.

Bai et al. proposed an algorithm which can solve the problem of a very large number
of training iterations on neural network (back-propagation) with the network calculating
the weights in one iteration [25]. First, the dataset needs to be connected to the system, and
then input sends the image to the hidden nodes. Before calculating the weight, the hidden
node takes an output sample and sets it a weight according to the output nodes, therefore
the nodes run with the best weights in just one iteration through the mapping between the
hidden and output nodes as local receptive fields.

Chao-Kuei et al. demonstrated the vision and pattern recognition comprehensively
brings out the aspect of face recognition in a robust manner [26]. In their study, the benefit
of an unclear correspondence of feature point branding is integrated into a constrained
optical flow algorithm that enables face recognition from a set of expressional face
pictures. The information that is obtained through the calculation of self-optical flow is
combined with the already integrated face image to carry out integrated face recognition in
a probabilistic structure. This is a significant advancement that seeks to enhance the
precision of face recognition in facial expressions.

Kabir et al. applied local directional number pattern (LDN) as a viable descriptor for
facial analysis that utilizes the local features as well [27]. As seen earlier, LDN facilitates
the encoding of the face’s textures through directional information usage. An LDP operator
to give a code with some strength computes the edge response values in all directions at
each pixel location. Edge responses are preferred because they are more noise and

illumination insensitive than intensity parameters in describing the local primitives.



1.3. Research Objectives

Face recognition correctness, by cover area information to minimize organization
problems.
1. To enhance testing accuracy using Extreme learning method based —LRF
approach with the various dataset.
2. To improve our expert system as compare to existing author literature study.

3. To calculate the average testing accuracy for diverse noisy environment datasets.

1.4. Thesis Statement and Organization

This thesis is categorized into four sections as detailed below:

Section 1 — Introduction: It highlights the thesis statement, problem statement and
overview, background research on the face recognition and as well, the history of the face
recognition technology and literature review about face recognition applications.

Section 2- We are going to describe face recognition algorithms such as neural
network and extreme learning machine as well.

Section 3— Result: This is dedicated to the evaluation and as well the assessment of
the outcomes of the new approach.

Section 4 — Conclusion: This chapter will harmonize the thesis, research objectives,

plus giving inference to the conclusion.



2. RELATED THEORIES

2.1. Human’s Brain

The knowledge concerning how a human mind works perfectly has remained
unknown over time. However, all they understand are the set of information are processed.
The function of neurons is to gather signals emanating from other neurons through
dendrites. Once the neurons receive the signals, they are transmitted through axon in the
form of electrical action (Figure 2.1). The axon further divides into millions of branches at
its end to form a structure known as a synapse. The role of a synapse is to convert action or
the signal received via axon to an electrical effect, how those neurons convey information
or electrical effects from one to another. What is the nexus between the neurons as far as
the transfer of signals is concerns. In a situation where the neurons are equipped with
enormous input relative to inhibitory inputs, electrical action spikes are usually sent
directly to the axon. The learning usually takes place whenever information is transmitted
across the neurons through synapses. Therefore, the changes inherent between neurons
facilitates learning (Figure 2.1).

Synapse

Synapse Dendrites
Axon .

Soma
Dendrites

Figure 2.1. Human’s brain structure

2.2. Artificial Neuron

There exist different kinds of artificial neuron that affect the ability of man to think
through electrical replication of the human’s thinking procedure. It should be remarked

that normal neurons could be subdivided into four major categories, which include soma,



axons, dendrites, and synapse. The process of categorizing those neurons takes into
account their biological titles. The role of dendrites in a neuron is to receive stimuli or
input network obtained from the soma. The input network is then conveyed to other
neurons via synapses. Eventually, the soma absorbs and interprets the input network to
provide an input, which is transmitted to other neurons via axon and synapses. According
to the results obtained from recent research, from a mechanical approach, biological
neurons are usually more complicated in comparison to the little explanation provided
below. They are considered more involved relative to the contemporary artificial networks,
which is a development of the modern artificial neural networks. Since biology can denote
seen as a key player in improving human neurons and ensuring equipment progression, net
designers have the responsibility of designing and coming up with more information about
the human brain. However, it should remain perceived that artificial neural network is less
concerned with superlative regeneration of human mind. Contrary, neural network scholars
have initiated a research geared towards comprehending the capacity of nature through
which people can get solutions for the issues that have not been solved by the ancient
computing. To facilitate the process mentioned above, neural network takes into account
the four primary purposes of natural neurons. Figure 2.2 is a clear exhibition of an essential

illustration of a neural network.

. input network

——» SUM | pancfere y the output of the

processing the
mput network

Inpiiten Weightem

Figure 2.2. Basic Artificial Neuron
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2.3. Neural Networks

Neural networks can be described as a system which as an interconnection of some
processing elements whose operation is analogous and whose function is directed by the
structure of the network, strength of the connection, and the process that takes place during
the element or nodes computing. The inherent biological systems entirely influence the
architecture of the neural network. Such systems are usually applied modest processing
elements with the aim of getting high computation rates. The neural network symbolizes
the brain majorly in two ways; the learning process is a network through which knowledge
is obtained while the synaptic weights is an interneuron connection through which
information and knowledge are recorded and saved. Practically, this translates to that fact
that it is possible to construct a machine which can think intelligently [28].

Despite the fact that, it is possible to construct machines and install artificial
intelligence, humans are still unaware on how the human brain can perform multiple
functions such as calculations, thinking, and operations simultaneously, even if the human
mind is faster and has a smaller memory relative to machines. It is unknown on how the
brain is manipulated and condition to perform hardware parallelism. The elements of
computing are usually organized in a way that millions of them handle the same problem
simultaneously. The presence of the millions of neurons makes it easy to neutralize the
skewness of computing powers where elements which are slow are combined to obtain
significant results.

A neural network can further be recognized as an assembly of interrelated processing
units, elements or nodes whose purpose is depended on an animal neuron. The network’s
ability to process is usually stockpiled in the weights commonly referred to as inter-unit
connection strengths. Such weights are typically acquired through learning from, or
adaptation to particular training patterns. To have a clear picture of the inherent processing
differences, it is advisable to consider investigating the approach used by conventional
computers inclusive of machines.

Face recognition using neural network algorithms works by taking one or more
networks and applying them directly to image portions and then arbitrate the outcome.
Each network is eventually conditioned to provide results either in absence or presence of a

face. The process of conditioning a neural network to recognize a face is usually faced with
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the challenge of categorizing the non-face images. More information about the appropriate
structure of those images will be analyzed and discussed in the chapter for data set.

2.3.1. How Neural Network Works?

Artificial neural networks can change their behavior to respond to their surroundings.
For instance, if they are provided with individual inputs, which probably have a
predetermined output, they modify themselves to provide consistent responses. This aspect
has earned them much attention. As such, different training algorithms have been
established (Figure 2.3).

Hidden layer

Input layer Output layer

Figure 2.3. Neural network connection between (input layer, hidden layer, and output layer)

2.3.2. Multi-layer neural network
The multi-layer neural network is composed of numerous neuron layers. A neuron in

one layer is directly connected to neurons in the subsequent layer and can learn

sophisticated and nonlinear functions such as the XOR-function (Figure 2.4).
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Figure 2.4. Multi-layer perceptron diagram

Hidden layer
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The output of the perceptron is zero when S is negative and equal to one when s is

positive. For a constant 0, the output of the perceptron is similar to one on one side of the

dividing line which is defined by;
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Figure 2.5. XOR-Problems in Single Layer Network
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The multi-layer neural network can provide a solution to XOR-Problem. However,
this is impossible during its complex structure that cannot be trained easily like the single-
layer neural network. The issue of the multi-layer neural network training had remained for
quite some time until a time in which back-propagation was developed. A single scientist
thought an idea and developed it to form a new algorithm (Figure 2.5)., which was back-
propagation. More information concerning how the back-propagation can be used to train

the multi-layer neural network will be discussed in the next section.

2.3.3. Back-Propagation

According to previous chapters, the multi-layer networks can compute a broader
range of Boolean functions in comparison to other networks that have single-layer
computing units. However, the computational energy required for finding the appropriate
combination of weights proliferates significantly especially when more parameters
inclusive of sophisticated topologies are taken into account.

The objective of the chapter is to elucidate the general learning approach, which can
handle extreme learning problems (the back-propagation algorithm). The back-propagation
algorithm is a numerical method that is applied by various research communities in a
variety of contexts. The method discovered and rediscovered over time. However, it was
until the year 1985 when the connectionist artificial intelligent recognized the presence of
the backpropagation algorithm via the work provided by the personal digital assistant
group. Since then, the method has been used many times and researched techniques for
neural networks learning. The method boasts of the merits such as more general relative to
other analytical derivations and also easier to understand. Also, the backpropagation
algorithm provides clear proof of how an algorithm can be efficiently implemented in
computing systems and in the context where only the local data can be transmitted via a
network.

The BP algorithm utilizes the gradient descent technique to search for the less or
minimum error function primarily in weight space. The formation of groups which reduces
the error function is determined to provide an elucidation to a learning problem. Although
this approach involves calculations for gradient meant to give the error function at every
stage, there is a mandatory assertion for the differentiability and continuity of the inherent

error functions or purposes. Apparently, we have to make use of an activation function
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rather using perceptron step function because a composite function formed by the
interconnected perceptron is usually spasmodic and the hence the error. Sigmoid, whose
real equation is SC: IR — (0, 1), is recognized as activation functions utilized by BP

networks. The expression provided below is the definition of Sigmoid.

se() =T +1e_cx (2.3)

The constant ‘c’ is obtained arbitrarily, and its reciprocal (1/c) is referred to as the
temperature parameter in the contexts of stochastic neural networks. According to Figure
2.6., the sigmoid shape changes concerning the changes in the value of c. The graph
illustrates the sigmoid for c = 1,c = 2, and ¢ = 3. To solve all the expressions obtained
from this chapter; it will be assumed that ¢ =1. However, after reading and
contextualizing the materials an individual should be capable of simplify all expressions

for ¢ (sigmoid will be sl(x) to s(x))).

Figure 2.6. Three sigmoid (forc =1, c=2and ¢ = 3).

The derivative of the sigmoid with respect to x is

—-X

m = S(X)(]. — S(X)). (24)

d —_—
as(x) =

The equation above represents the hyperbolic tangent for the argument x/2 and its
shape has been provided in Figure 2.6. According to the figure, there are four kinds of

squashing functions which are continuous in nature.
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1—e™™*
1+e™*

s(x) =2s(x)—1= (2.5)

This is nothing but the hyperbolic tangent for the argument x/2 whose shape is
shown in Figure 2.7 (upper right). The figure shows four types of continuous “squashing”
functions. The ramp function (lower right) can be used in learning algorithms taking care

to avoid the two points where the derivative is undefined.
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Figure 2.7. Graphics of some squashing function [40].

Recommendations for numerous activation functions have been provided through
which the backpropagation algorithm can be implemented to them. A differentiable
activation function can render the computed function differentiable because the network
takes into account the function compositions. Also, the error function is also differentiable
because of the gradient. The derivative of a sigmoid is always positive just like the gradient

(error function).

2.3.4. Local minima of the error function

A value has to be rewarded for all the positive landscapes of the sigmoid as the
activation function. The most important problem is that local minima appear in the error
function which would not be there if the step function had been used. Figure 2.8
demonstrates an example of a local minimum with advanced error level than the other in

the regions. The function was computed for a single unit with two weights, constant
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threshold, and four input-output patterns in the training set. There is a valley in the error
function and if gradient descent is started there the algorithm will not converge to the

global minimum.

Figure 2.8. Local minima of error function [40].

In many cases, local minima appear because the targets for the outputs of the
computing units are values other than 0 or 1. If a network for the computation of XOR
were trained to produce 0.9 at the inputs (0,1) and (1,0) then the surface of the error
function develops some protuberances, where local minima can rise (Figure 2.8). In the
case of binary target values, some local minima are also present, as shown by Lisboa and

Perantonis whom they are analytically found all local minima of the XOR function [29].

2.4. Convolution Neural Network (CNN)

The limitation of face recognition from 2D images is naturally not well posed for
example there are different ways, which describes the training points well however they do
not simplify well to hidden images. In a simplified manner is that they did not establish
enough spaces for training points by the inputs images in order allow correct estimation of
class probabilities through the input space. However, there is no invariance to local
deformation or translation of the images for multi-layer perceptron networks with 2D
images as input. The Convolution network uses three thoughts in achieving and
constraining some degree of shift and distortion invariance (Figure 2.9).

Using shared weights also decreases the number of parameters in the system helping
generalization. Set of layers contained in a typical convolutional network usually each of
them covers one or more planes. Approximately normalized and centered images move to
the input layer and resolve there. Every component in a plane receives input generated
from a small neighborhood in planes of the layer before or layer earlier. The connection
units to LRF idea dates back to the early 1960s during the finding of locally sensitive,
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orientation-selective neurons in the cat's visual system by Hubel and Wiesel's [30]. Here
the starting weights of the receptive field for a plane are forced to be the same at all points
across the plane. Carefully each plane can be presented as feature map with a fixed
detector feature that is convolved local spaces scanned over the planes of the layers before.
For many features to be noticed there will be needed to use typically several layers. These
layers are known as convolutional layers. The exact location of a feature has less
significant if the feature has been sensed, therefore, the convolution layers usually overly
over each other which makes a local subsampling operation and averaging for example as
shown below.

The usual backpropagation gradient-descent process [31] helps in the training of the
network. To reduce the number of weights in the network, connection strategy can be used
which is done by connecting the feature maps in the second convolutional layer unique to 1

or 2 of the maps located in the first subsampling layer(the connection strategy was chosen

physically).

Input Feature maps Feature maps Feature maps Feature maps Output
23x28 20@21x26 20@11x13 25@9x11 25@5x6 40@1x1

Convolutional Subsampling Convolutional ~ Subsampling Fully
connected

Figure 2.9. The representative of convolutional network [43]

2.5 Extreme learning machine overview

Extreme learning machine is one of the major variants of the artificial neural network
with single hidden layer Feed Forward architecture (SLFNs). This method has been
developed to overcome the weakness of Artificial Neural specifically on the process of
learning based on the reasons described by Huang et al [32]. Artificial neural network
using Gradient Descent learning method is used in in the learning process where there are a

long process and too many parameters to be determined.
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The following procedure shows the steps of Mathematical Model of the extreme
learning machine as follows;

Given N sample data (x;, t;), where

X; = [xil,xiZ,...,xin]then Ti = [Til,TiZ,...,Tin] (26)

And N is the sum of Hidden neurons and g (x) is an activation function that can be
modeled as follows:

N
Zﬁig (Wi. X +b;) =t;,j=1,..,N. (2.7)
i=1

Given w;= [w;1, Wiy... Wi, ] IS the weighted value connected between the input layer
and the hidden layer, and B;= [Bi1, Biz--- Bin] is the value of the weights that are connected
between the hidden layer and the output layer. The bi-value is the bias value of the ith
node. w;, x;is the inner product on w; and x;. The activation function g (x) can approach N

data samples with zero error values can be modeled as follows:

N
> lloj—-tjll=0 (28)
j=1

The above equation can be written as follows;

T = HB
Where H, g and T are described as follows;

H= (wy -, Wby = by, x; -, xg)

gwy x; +by) - glwg - x; + bg)

gwy ~xy +by) - glwg - xg + bg)

AL (2.9)

B=|: [N x m]

N |

20



H is the matrix of the hidden layer, the ith column is the result of the hidden neuron
to ith based on the input x4, x,,--,x, . To perform the train in process with minimum
error can use the equation below:

IHB — T|| = ||[HH'T — T|| = m/;nIIHB—TII (2.10)

f = HTT

Where HT is the Moore-Penrose generalized inverse matrix of H.
In short, the ELM method can be done in several steps:

Step 1: Randomly initialize w; and bi values

Step 2: Calculate the result of the hidden layer matrix H

Step 3: Calculate the weight of the value of

2.5.1. Local receptive fields based on extreme learning machine (ELM-LRF)

First, this machine was established for Single-Layer-Feed-Forward Neural networks
(SLFNs). Afterwards, it stretched out the concept to include concealed neurons. Relatively
unique to the normal comprehension of neural systems, ELM hypotheses [44]- [46]
demonstrate that although hidden neurons assume basic parts, they require not be balanced.
Neural systems can accomplish learning ability without iteratively tuning hidden neurons
as long as the initiation elements of these hidden neurons are nonlinear hybrid function
ceaseless including however not restricted to organic neurons. The organic neurons yield
capacity can not be unequivocally communicated with solid formula since distinctive
neurons may involve diverse yield capacities.

The vyield elements for natural neurons are a nonlinear hybrid function which has
been considered by the hypothesis of ELM. The Unsystematic Vector Functional-Link
(RVFL) [33] and Quick Net [34] utilize direct connections for the input and outputs. It
utilizes a particular ELM shrouded layer called the sigmoid. For deep examination,
scholars may allude the relationship by contrasting the ELM amongst RVFL/Quick Net)
[35]. ELM initially changes the input by ELM mapping feature to a shrouded layer. At that
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point, the outcome is produced by learning the ELM. The learning involves
characterization and ELM highlight mapping,
The ELM vyield capacity for summed up SLFNs is given by:

l
fG) =) Biki(x) = h(0B 1Y)

Where g = [f ....B]T g and b is the vector of the output weights between the
hidden layer with L hubs to the yield layer with m > 1 hubs

h(x) = [hl (x...h1(x)] is the output (row) vector of the hidden layer.
Distinctive initiation capacities might be utilized as a part of various hidden neurons.
Specifically, in genuine applications hi(x) can be

hi(x) = g(a;, b;,x;)a; € R,b; €R (2.12)

Where G (a, b, x,) is a nonlinear piecewise continuous function and (ai, bi) are the
i — th hidden node parameters. Some generally utilized actuation capacities are:

Sigmoid capacity:

1
G(a,b,x) = 2.13
(@b, x) 1+ exp(—(a.x + b)) (2.13)
Fourier function
G(a,b,x) = sin(a.x + b) (2.14)
Hard limit work
Gab,x) = {§ horras (2.15)
Gaussian capacity
G(a,b,x) = exp(=b|lx — al| 2 (2.16)
Multi-quadrics work
G(a,b,x) = (||x — al| 2 + b?) 1/? (2.17)
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Every hidden node of ELM G (a, b, x) can even be a supernode consisting of a sub-
network. This is not the same as stipulated by Schmidt et al., and RVFL model of which
they only use sigmoid or RBF hidden nodes type. The universal estimation and grouping
ability of Schmidt, et al., model have not been demonstrated before ELM theory are
proposed its general estimate capacity will wind up plainly evident when ELM theory is
linked. Igelnik and Pao [46] demonstrates that RVFL's universal estimation capacity when
semi-irregular hidden node is utilized, that is, the input weights (a;) are randomly created
while the hidden node biases (b;) are computed based on the training samples (x;) and the
input weights (a;)

In contrast to RVFL theories for semi-randomness, ELM theories demonstrate that
all the hidden nod parameters can be randomly produced as long as the initiation function
is nonlinear piecewise continuous. Similarly, all the hidden nodes can be autonomous from
preparing tests as well as free from each other. ELM theories are substantial in sigmoid,
RBF threshold, and trigonometric networks etc.

2.5.2. Local Receptive Fields

Here local receptive fields based on (LRF) are proposed as a non-specific ELM
engineering to solve image processing and comparable issues in which diverse density of
connections are requested. These connections between input and hidden nodes are
inadequate and limited by comparing open fields, which are tested by any nonstop
likelihood appropriation. Also, combinatorial nodes are utilized and this results into a
translational invariance to the network by consolidating a few hidden nodes together. It

involves no gradient-drop steps and the training is astoundingly effective.

2.5.3. Hidden Nodes in Full and Local Connections

ELM theories demonstrated that hidden nodes could be created randomly as per any
likelihood distribution. In the real case, the randomness is two-phases:

1. Different density of connection amongst input and hidden nodes are randomly
sampled because of various sorts of likelihood conveyances utilized as a part of utilization.
The weights amongst input and hidden nodes are additionally produced. Completely linked

hidden nodes, as appeared in Figure 2.10, have been broadly examined. Built from them,
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ELM accomplishes best in class execution for many utilizations, for example, remote
detecting, time arrangement examination, content order [37], activity acknowledgment,
and so forth. Therefore, these works concentrate just on irregular weights, while
disregarding the characteristic of arbitrary links.

For common images and dialects, the solid neighborhood relationships may make the
full links less fitting. To address the issue, we propose to utilize hidden nodes which are
privately linked with the inputs. As per ELM theory, the links are arbitrarily inspected in
light of certain likelihood circulations, which are denser around some information hubs
while sparser more distant away

2. Local Receptive Fields Based ELM: a locally strong connection case of ELM-
LRF is given in Figure 2.11 in which the links between the input layer and hidden node
(i) are randomly created by some constant probability distribution. Some receptive field is
produced by this random association. The links are strong around some input nodes and
sparse farther away (yet do not completely disappear in this example). Strong natural proof
additionally legitimizes the local receptive fields, which demonstrates that every cell in the
visual cortex is just sensitive to a corresponding area of the retina (input layer). ELM-LRF
learns the local structures and produces more important portrayals at the hidden layer when
managing image processing and comparable errands.

3. Combinatorial Node Local receptive fields may have diverse structures in natural
learning, and they might be created in various ways utilizing machine-learning methods.
One of the techniques is the combinatorial node recommended in ELM theories. ELM
demonstrates that a hidden node in ELM could be a blend of a few hidden nodes or a sub-
system of hubs. For instance, local open fields in Figure 2.12 may be considered as a
situation where the combinatorial node is framed by a sub-network (as grouped by the
circle). The output of this sub-network is a summation (which require not be direct) of the
output of three hidden nodes connecting to corresponding local receptive fields of the input
layer. Therefore, the element created at one area (one specific hidden node) has a tendency

to be valuable in various areas.
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Hidden node i

Figure 2.10. Extreme learning machine hidden node in full connection

Hidden node i

Figure 2.11. ELM hidden node with local connection

25



ELEEEIEENRE NN N ]
0..00;}..0000
b

I

[TRER)N L EEEREN LN ]
eoc0speocococe
|
~
0

(L EEEINENRERNE N
tef®o0oe

epgo0000000000 00O

ceoo00dpnoodporece
s000b 00000000
|
|
|

combinatornial node 1

ceo00000000000 0
o00%0000000000 O
0efedododecron

EEEEEXIEEEEEX N N
eo0000000000 00
0000000000000

Figure 2.12. The combinatorial node of ELM: a hidden node can be a sub-network of several nodes,
which turn out to form local receptive fields and (linear or nonlinear) pooling.

Accordingly, the ELM-LRF system will be invariant to minor interpretations and
pivots. Also, the associations between the info and combinatorial nodes may take in the
local structures far superior. Denser connections around the information hub due to the
cover of three open fields (see Figure. 2.12) while sparser more remote away. Averaging
and max-pooling techniques are clear to figure these combinatorial hubs. Moreover, the
learning-based technique is likewise potential to develop them.

2.5.4. Specific Combinatorial Node of ELM-LRF

Although diverse sorts of nearby responsive fields and combinatorial hubs can be
utilized as a part of ELM, for the accommodation of execution, we utilize the basic
advance likelihood work as the inspecting conveyance and the square/square-root pooling
structure to frame the combinatorial hub. The responsive field of each shrouded hub will
be made out of info hubs inside a foreordained separation to the middle. Besides, just

sharing the info weights to various shrouded hubs straightforwardly prompts the
convolution operation and can be effectively actualized.
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We can construct a particular case for the general ELM-LRF:
1. Random convolutional hub in the element outline a sort of the privately associated
shrouded hub

2. A node in the pooling map in Figure 2.12 is a case of the combinatorial hub.
2.5.5. Random Input Weights

To obtain through representation of the input K, distinctive input weights will be
used to produce K diverse feature maps. In Figure 2.13, hidden layer is made out of
irregular convolutional hubs. In addition, the input weights of a similar component maps
are shared while distinct among various maps. The input weights are arbitrarily produced
and after that are orthogonalized:

1. Create the underlying weight framework A,,;; randomly. With the input estimate

d*x and receptive field r*r, the size of the feature map oughtto be (d —r+ 1) (d —r +
1).
Ainit ¢ erx"

r . (2.18)
4,™eR"k=1,..K

Orthogonalize the underlying weight framework A™tutilizing particular esteem
decay (SVD) strategy. Eq 2.18 the orthonormal premise of the orthogonalization enables
the system to remove a more complete set of features than non-orthogonal ones.
Subsequently, the speculation performance of the network is additionally improved.
Orthogonal random weights have additionally been utilizing and then create incredible
outcomes.

The input weight to the R — th feature map.

T r
Ci,j,k(x) = Z Z Xi+tm-1,j+n-1- Amnk
m-1 n-1 (2.19)

iJ=1,..,(d-r+1)

A few works have exhibited that CNN with certain structure likewise can perform
well with ELM feature mapping (through nonlinear mapping after arbitrary info weights.

In this paper, the proposed ELM-LRF, where the input weights to the feature maps are
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orthogonally random can accomplish far and away superior execution than all around

trained counterpart (Figure 2.13).
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Figure 2.13. The implementation network of ELM-LRF with K maps.
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3. EXPERIMENTAL WORKS AND RESULTS

Extensive experimental works have been carried out to show the efficiency of the
proposed ELM-LRF method on face recognition. All experimental works were designed
and run on MATLAB environment on a computer having an Intel Core i7-4810 CPU and
32 GB memory. Three face recognition datasets namely; UFI Face dataset, Caltech face
dataset and CBCL Face dataset, respectively. The UFI dataset consists of 478 training
images and 478 images for testing, with the image size cropped to 32x32 pixels. The
second dataset applied was the Caltech face dataset, cropped 64x64 pixels. The MIT
CBCL dataset contains 2,429 training set faces and 4,548 non-faces, in addition to 472
testing faces and 23,573 non-faces. These datasets are publicly available for academic
research works. The details about the datasets can be found in the next sub-sections.

The ELM-LRF structure that we have used in our experiments had 4 layers. These
layers are input layer, convolution layer, pooling layer and ELM classification layer,
respectively. The input layer is responsible to get the resized input images and convey
them into the convolution layer. This layer also covers several pre-processing steps such as
normalization. The convolution layer contains adjustable filters. The number of filters and
their coefficients are assigned randomly. Pooling operation is employed after filtering
operation. To this end, max-pooling or average pooling can be applied. In our experiments,
the convolution layer contains various numbers of filters of various. The obtained results
are evaluated with classification accuracy, which is defined as the ratio of the number of
correctly classified samples to a number of all samples.

As it was mentioned earlier, three face datasets have been used in experiments and
the obtained results are recorded in the related Tables. We further compare the obtained
results with several methods such as Local Gabor Binary Pattern Histogram Sequences
(LGBPHS), Local Derivative Pattern Histogram Sequences (LDP-HS), Face Specific
Local Binary Pattern (FS-LBP) and Patterns of Oriented Edge Magnitudes Histogram
Sequences (POEMHS) [39]. In LGBPHS method, a face image is modeled as a histogram
sequence by concatenating the histograms of all the local regions of all the local Gabor
magnitude binary pattern maps. For recognition, histogram intersection is used to measure
the similarity of different LGBPHSs and the nearest neighbourhood is exploited for final

classification. LDP extracts high-order local information by encoding various distinctive



spatial relationships contained in a given local region. Then similar to LBP, a histogram
sequence can be calculated from LDP coded images. POEMHS is an oriented spatial multi-
resolution descriptor capturing rich information about the input face images. It is a multi-
scale self-similarity based structure that results in robustness to exterior variations. It is of

low complexity and practical for real-time applications.

3.1. Unconstrained Facial Images (UFI) Dataset

UFI database covers a series of real face images chosen from a large set of photos
owned by the Czech News Agency [40]. Each face image is annotated with the name of the
person and some images have some background objects. The dataset is composed of two
partitions. The first part is called cropped images, which contains 605 automatically
detected faces images. Images in the second partition, called large images, contain not only
530 face images, but also some background objects are presented in the images. Figure 3.1

shows some representative face image samples for UFI dataset.

Figure 3.1. UFI face dataset

As it was mentioned earlier, 478 training images and 478 testing images from UFI
dataset was considered in experimental works. The cropped image sizes are 32x32 pixels.
A four layered ELM-LRF structure was employed for face recognition task. The
convolution layer contains 40 filters of size 3x3. The max-pooling is adopted in pooling
layer. In Figure 3.2, the obtained face images after convolutional and pooling layer are
given.
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Figure 3.2. (a) Obtained face images after convolutional layer, (b) Obtained face images after pooling

layer

The obtained results are tabulated in Table 3.1. As seen in Table 3.1, the best result is
obtained with POEMHS method where the accuracy is 67.11%. The second highest result
is obtained with ELM-LRF method, where 66.11% accuracy is recorded. The worst result
is obtained with LDPHS method, where the accuracy is 50.25%.

Table 3.1. Results for the UFI dataset

Method Testing Accuracy (%)
LBPHS 55.04
LDPHS 50.25
POEMHS 67.11
FS-LBP 63.31
ELM-LRF 66.11

3.2. Caltech Face Dataset

The Caltech face image dataset was constructed from various face images that were
collected from the websites. The datasets also contain the coordinates of the eyes, the nose
and the center of the mouth for each frontal face are provided in a ground truth file. The
ground-truth information can be used to align and crop the human faces for a face
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detection algorithm. 10,524 face images were collected which have various resolutions.
Various images for two people are given in Figure 3.3.

-
=

Figure 3.3. Caltech face dataset

From Caltech face image dataset, we cropped 7366 face images of 64x64 pixels for
training of the ELM-LRF and the rest face images were used for the test. In the
convolution layer of the ELM-LRF, 30 convolutional filters of size 5x5 were considered.
The average pooling was also considered in pooling layer. The obtained results are
tabulated in Table 3.2. As seen in Table 3.2, ELM-LRF obtained the highest accuracy
where the accuracy is 98.15%. The second best accuracy is recorded with SPARSE
BASED NN method where its accuracy is 92.91%. The worse accuracy is obtained with
NR MODEL where 32.36% accuracy is recorded.

Table 3.2. Results for the Caltech dataset

Method Testing Accuracy (%)
NR MODEL 32.36
SCSPM 82.83
TSR 37.45
SPARSE BASED NN 9291
ELM-LRF 98.15

3.3. MIT CBCL Face Dataset

The MIT CBCL face image dataset contains totally 25573 images of size 19x19. All

images are in grayscale level and PGM format. This dataset just designed to detect an
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image as a face or non-face. To this end, in the training set, 2429 face images and 4548
non-face images were considered. Besides, 472 face images and 23573 non-face images
were in the test set of the dataset. In Figure 3.4, we show some examples face images from
CBCL dataset. All images were resized to 32x32 before running the proposed ELM-LRF
method. 40 filters of size 3x3 were used in the convolution layer and the max pooling
operation was handled in pooling layer.

Figure 3.4. MIT CBCL face dataset

The correct classification accuracies on CBCL dataset are given in Table 3.3.
Actually, all methods produced a reasonable accuracy value for CBCL method because the
number of classes is just two. In other words, the dataset is not as challenging as the other
datasets that we used in our previous experiments. As seen in Table 3.3, the highest
accuracy was produced by ELM-LRF method. The accuracy is 98.34%. The second best
accuracy was obtained with Pose invariant method where the accuracy is 95.40%. Finally,
the worse result was produced by Original C2 features [14] method and the accuracy was
87.05%.

Table 3.3. Results for the MIT-CBCL dataset

Method Testing Accuracy (%)
ELM-LRF 98.34
Pose invariant 95.40
Original C2 features [14] 87.05
MPCALDA [15] 88.53
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4. CONCLUSIONS

This thesis investigates the local receptive fields of extreme learning machine (ELM-
LRF) which logically outcomes from the chance of combinatorial hidden nodes and hidden
neurons recommended in extreme learning machine concepts. According to extreme
learning machine models, different kinds of local receptive fields can be tested and there
exists local relationship among local receptive fields and random hidden neurons can be
selected to set its weight. The local relations amongst input and hidden nodes might let the
network to reflect local structures and combinatorial nodes additional present translational
invariance addicted to the system. While the input weight is randomly produced and then
orthogonalized in a directive to inspire a complete set of topographies. The output weights
are intended logically in ELM-LRF as long as a simple deterministic answer. In the
execution, we construct a detailed system for simplicity using the phase function to sample
the resident influences and the square/square-root pooling construction to express the
combinatorial nodes. Astonishingly random convolutional nodes can be measured an
effective implementation of local receptive fields of extreme learning machine, while
numerous of different types of the LRF is supported by extreme learning machine models.
The experiment result of this thesis, first we tried three different face datasets to see the
aim of ELM-LRF in face recognition and pass the iteration section while there is a lot of
problems still stayed unsolved, the extreme learning machine and local Receptive fields
got more advantage over those face datasets which applied in ELM-LRF. Now if we take
an example from Table 3.3, there is a comparison between (LBPHS, LDPHS, POEMHS,
FS-LBP, and ELM-LRF) algorithms, the experimental result showed that POEMHS
algorithm can have best testing accuracy, which is 67.11%, and ELM-LRF was 66.11%,
and from list of Table 3.3 and 3.4, the ELM-LRF has received very good testing accuracy
among those algorithms applied to the same face datasets.
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