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Abstract
The face recognition problem has a long history and a significant practical perspective and one
of the practical applications of the theory of pattern recognition, to automatically localize the
face in the image, if necessary, identify the person in the face.
Interests in the procedures underlying the process of localization and individual’s recognition is
quite significant in connection with the variety of their practical application in such areas as
security systems, verification, forensic expertise, teleconferences, computer games, etc.
Identification technology for based on the image of the face, in contrast to the use of other
biometric indicators, does not require physical contact with the device and taking into account
the rapid development digital technology is the most suitable for huge applications.
The average operation has been implemented to reduce the dimensions of features matrices and
to take the mean of the features from multi expression faces. The face recognition classification
has been applied using back propagation neural networks.
The recognition rates and accuracies are improved by the usage of the proposed an average
operation technique compared with the principle component analysis (PCA) and linear
discriminant analysis (LDA). It is used to reduce the sizes of the features matrices and to
determine the average value of the face features. A back-propagation neural network (BPNN) is
implemented for classification and evaluation on a MATLAB using 150 faces subjects are
selected from the ORL dataset, resulting 95.6 % and 85% recognition rate and accuracy,
respectively, and 165 faces subjects from the YALE dataset, resulting 95.5 % and 84.4%
recognition rate and accuracy, respectively.

Keywords: Back propagation neural network, face recognition, classification, YALE dataset,
ORL dataset, supervised learning.
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اﻟﻤﻠﺨﺺ
إن ﻣﺸﻜﻠﺔ اﻟﺘﻌﺮف ﻋﻠﻰ اﻟﻮﺟﻮه ﻟﮭﺎ ﺗﺎرﯾﺦ طﻮﯾﻞ وﻣﻨﻈﻮر ﻋﻤﻠﻲ ﻛﺒﯿﺮ وأﺣﺪ اﻟﺘﻄﺒﯿﻘﺎت اﻟﻌﻤﻠﯿﺔ ﻟﻨﻈﺮﯾﺔ اﻟﺘﻌﺮف
ﻋﻠﻰ اﻷﻧﻤﺎط ﻣﻦ أﺟﻞ ﺗﺤﺪﯾﺪ ﻣﻮﺿﻊ اﻟﻮﺟﮫ ﻓﻲ اﻟﺼﻮرة ﺗﻠﻘﺎﺋﯿًﺎ وﺗﺤﺪﯾﺪ ھﻮﯾﺔ اﻟﺸﺨﺺ ﻓﻲ اﻟﻮﺟﮫ إذا ﻟﺰم اﻷﻣﺮ.
اﺧﺘﻼف اﻟﻄﺮق واﻟﺨﻄﻮات اﻟﺘﻲ ﺗﻘﻮم ﻋﻠﯿﮭﺎ ﻋﻤﻠﯿﺔ اﻟﺘﻌﺮف وﺗﺤﺪﯾﺪ ھﻮﯾﺔ اﻟﺸﺨﺺ ﻟﮭﺎ أھﻤﯿﺔ ﻛﺒﯿﺮة ﻓﯿﻤﺎ ﯾﺘﻌﻠﻖ
ﺑﺘﻨﻮع ﺗﻄﺒﯿﻘﮭﺎ اﻟﻌﻤﻠﻲ ﻓﻲ ﻣﺠﺎﻻت ﺷﺘﻰ ﻣﺜﻞ أﻧﻈﻤﺔ اﻷﻣﻦ ،واﻟﺘﺤﻘﻖ ﻣﻦ ﻛﯿﻨﻮﻧﺔ ھﺬه اﻟﮭﻮﯾﺔ ،وﻓﻲ ﻣﺠﺎل اﻟﻄﺐ
اﻟﺸﺮﻋﻲ ،واﻟﻤﺆﺗﻤﺮات ﻋﻦ ﺑﻌﺪ ،وأﻟﻌﺎب اﻟﻜﻤﺒﯿﻮﺗﺮ ،وﻣﺎ إﻟﻰ ذﻟﻚ ،وﻋﻠﻰ اﻟﻨﻘﯿﺾ ﻣﻦ اﺳﺘﺨﺪام اﻟﻤﺆﺷﺮات
اﻟﺤﯿﻮﯾﺔ اﻷﺧﺮى ،ﻻ ﯾﺘﻄﻠﺐ اﻟﺘﻌﺮف ﻋﻠﻰ اﻟﻮﺟﮫ اﻻﺗﺼﺎل اﻟﺠﺴﺪي ﻣﻊ اﻟﺠﮭﺎز ﻣﻊ اﻷﺧﺬ ﺑﻌﯿﻦ اﻻﻋﺘﺒﺎر
اﻟﺘﻜﻨﻮﻟﻮﺟﯿﺎ اﻟﺮﻗﻤﯿﺔ ﻟﻠﺘﻄﻮر اﻟﺴﺮﯾﻊ ،ﻟﺬﻟﻚ ھﻮ اﻷﻛﺜﺮ ﻣﻼءﻣﺔ ﻟﻠﺘﻄﺒﯿﻖ اﻟﻌﻤﻠﻲ .ﺗﻘﻨﯿﺔ ﻋﻤﻠﯿﺔ اﻟﻤﺘﻮﺳﻂ اﻟﻤﻘﺘﺮﺣﺔ
ﻗﺎﻣﺖ ﺑﺘﺤﺴﯿﻦ ﻧﺘﺎﺋﺞ دﻗﺔ اﻟﺘﻌﺮف ﻋﻠﻰ اﻟﻮﺟﻮه ﻣﻘﺎرﻧﺔ ﻣﻊ ﻗﺮﯾﻨﺎﺗﮭﺎ ﻓﻲ ﻧﻔﺲ اﻟﻤﺠﺎل ،ﺣﯿﺚ أﺳﺘﺨﺪﻣﺖ ﻟﺘﻘﻠﯿﻞ
أﺣﺠﺎم ﻣﺼﻔﻮﻓﺎت اﻟﺨﺼﺎﺋﺺ وإﺣﺘﺴﺎب ﻣﺼﻔﻮف ﻣﺘﻮﺳﻂ اﻟﺨﺼﺎﺋﺺ .ﺗﻢ ﺗﻄﺒﯿﻖ اﻟﺸﺒﻜﺎت اﻟﻌﺼﺒﯿﺔ اﻻﻧﺘﺸﺎر
ﺼﺎ ﻣﻤﺜﻠﺔ ﻓﻲ
اﻟﻌﻜﺴﻲ ﻟﻠﺘﺼﻨﯿﻒ واﻟﺘﻌﺮف ﻋﻠﻰ اﻟﻮﺟﮫ وﺗﻘﯿﯿﻤﮫ ﻋﻠﻰ ﺑﺮاﻣﺞ  MATLABﺑﺈﺳﺘﺨﺪام  150ﺷﺨ ً
اﻟﻮﺟﻮه اﻟﻤﺨﺘﻠﻔﺔ ﻣﻦ ﻗﺎﻋﺪة ﺑﯿﺎﻧﺎت  ORLوﻛﺎﻧﺖ ﻧﺘﯿﺠﺔ ﻣﻌﺪل اﻟﺘﻌﺮف  %95.6ودﻗﺔ اﻟﺘﻌﺮف  ،%85و165
وﺟﮭﺎ ﻣﻦ ﻗﺎﻋﺪة ﺑﯿﺎﻧﺎت  YALEوﻛﺎﻧﺖ ﻧﺘﯿﺠﺔ ﻣﻌﺪل اﻟﺘﻌﺮف  %95.5ودﻗﺔ اﻟﺘﻌﺮف .%84.4

اﻟﻜﻠﻤﺎت اﻟﻤﻔﺘﺎﺣﯿﺔ :اﻟﺸﺒﻜﺎت اﻟﻌﺼﺒﯿﺔ اﻻﻧﺘﺸﺎر اﻟﻌﻜﺴﻲ ،اﻟﺘﻌﺮف ﻋﻠﻰ اﻟﻮﺟﮫ ،اﻟﺘﺼﻨﯿﻒ ،ﻗﺎﻋﺪة ﺑﯿﺎﻧﺎت ،ORL
ﻗﺎﻋﺪة ﺑﯿﺎﻧﺎت  ،YALEاﻟﺘﻌﻠﻢ اﻟﻤﻮﺟﮫ.
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CHAPTER 1: INTRODUCTION
Recognition of visual images is one of the most important components, of control and information
processing systems, automated systems and decision-making systems. The tasks associated with the
classification and identification of objects, phenomena, and signals characterized by a finite set of
certain properties and characteristics, arise in such industries as robotics, information retrieval,
monitoring and analysis of visual data.

Research of artificial intelligence, algorithmic processing and classification of images are used in
security, control and access control, in video surveillance systems, virtual reality and information
retrieval systems. At the moment, in the production of widely used human faces, handwriting
recognition systems, car plates, fingerprints or that application in the interfaces of software products,
security systems and identification of a person, as well as for other applied purposes.

Intensive research in this field has a long history and are associated with the works of [1, 2] and others.
For the last time, significant progress in the recognition of visual images was achieved with the advent
of methods to reduce the dimension [3], convolutional neural networks [2-4] and constellation models
[5].

However, despite the successes achieved, modern studies confirm the fact that image recognition
algorithms still do not possess the full capabilities of biological visual systems, such as the ability to
function on a wide, unlimited top-down set of recognition classes, the resistance to invariant
transformations and the variability of objects in the limits categories. Thus, the actual problem
recognized by the scientific community remains recognition of the depicted objects under the
influence of affine transformations, capable of significantly changing the shape of the image without
affecting on the belonging of the object to the category of recognition.

Attempts to solve this problem in the theory of pattern recognition, called inversion problems, have
been undertaken in such methods as SIFT [6] and ORB [7], as well as multilayer convolutional
networks [8], but at the present time these methods offer partial solutions that provide resistance to
bounded subset of transformations. The urgency of this problem is particularly high in industries
where pattern recognition is used in the natural environment (video surveillance, data analysis of

1

monitoring cameras, robotic visual systems), where the visual sensor can have an arbitrary limited
viewing angle with respect to the desired object.

1.1 Statement of the Problem
Automatic facial recognition is an important component of the human-machine interfaces. It has a lot
of attractions in the area of research since 1990. Although people know about someone with little
effort, the delayed recognition machine is still a problem.

Existing systems use recognition, considering the special features of a face with. This can increase
the number of errors and the calculation workload. The process requires a long time to compare all
the training images with the image input. An extracted image containing noise affects the result of
recognition.

1.2 Objective
Main Objective
An improvement method that allows to recognize faces on images and make decisions if the person
is known or unknown? Based on averaging of the features from multi expression faces.

Specific Objectives
To achieve this goal, the following basic tasks were established:
1. improve a way to isolate the features of objects in images, which provides greater accuracy
for solving problems of face recognition.
2. Develop an algorithm based on the proposed method of identifying objects, which allows you
to identify faces in the presence of noise in static images.
3. Implement algorithms designed in the form of software systems designed to recognize faces
and perform computational experiments to assess their quality and effectiveness.

1.3 Important of the Research
This study is required for computational model applications, such as:


Observation of sensitive characters: Identification persons, such as VIP, terrorists etc.
monitoring and tracking via cameras, video surveillances.



Automated connection system: person identification for such operation as Automatic Door
Access and ATM machine.
2



Authentication of e-commerce: Recognize a customer or client using face characteristics.



Virtual Games: player Identification and predicting his emotion using face expression.



Internet of things clouds: identify and authorize the persons whose privileged to access some
sensors and machine.

1.4 Scope of the Limitation of the Research
There are several factors limit the effectiveness of the facial recognition algorithm:


Image quality



Facial Aging



Subjects are in up-right



Image size



Frontal face angel



Processing and storage



The presence or absence of restrictions on possible interference on the face



Spatial characteristics of the position of faces



Skin color image



The scale of faces and image resolution



Number of faces in the image



Conditions of the illuminance of faces



Priority in minimizing false positives or in the number of recognized faces

1.5 Methodology
The face recognition system includes preprocessing of the detected face, extraction and facial
recognition. As shown in Figure 1.1, the first task of facial recognition system to capture images using
Camcorder or from a database and forwards this image to the next stages of the face identification
system. The stages of the facial recognition system are discussed in detail as follow:
Image

Face
Detection

Verification
Identification
Feature
Extraction

Preprocessing

detection

Face
recognition

Figure 01.1: Architecture of Face Recognition System [9]
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Face Detection: The main task for this step is to detect the face of the captured image, in proposed
system we used ORL and YALE image data set. This process is achieved in the face detection fact
that the image of the time in this picture is the picture of the face or not, after the discovery of his
face, as well as the transfer of this production to the pre-processing.

Pre-processing: This step is working as the pre-processing for face recognition, unwanted noise, blur,
and various lighting conditions, and shading effects can be removed, using methods of pre-processing.
When we have the perfect smooth facial image, then it will be used to extract features.

Feature Extraction: At this stage, the function of the face can be extracted using the extraction
algorithm feature. Extractions are performed to do information packing, dimension reduction,
salience extraction, and noise cleaning. Extraction and noise reduction. After this step, a face patch is
usually transformed into a vector with fixed dimension or a set of trust points and their corresponding
locations.

Face Recognition: a step of representation of each facial analysis. It uses to recognize the faces of
identities in order to achieve automatic edge detection and recognition requires a data set of faces.
Everyone, run a few shots, and their functions are extracted and stored in the database, it is performed
the first face detection, pre-processing and feature extraction, and then compared every class of people
stored in the database. Means of identification of the person given the facial image can be used to
determine the identity of the person, even without his knowledge.

For each facial feature of each face image, the average for the different facial expressions of this
feature will be averaged. The averaged facial features are combined, side-by-side, to create a data
matrices of size 625x15.

1.6 Thesis Structure
The thesis consists of 6 chapters, the 1st chapter discusses the face recognition background and the
problem faced face recognition systems, the 2nd chapter is the theoretical and technical foundation
related to face recognition, while the 3rd chapter talking about the main algorithm used in recognition
including Artificial Neural Networks foundations. In 4th chapter discussed the proposed face
recognition system, and the 5th chapter describes the conducted experimental results and discussion.
Finally, conclusion and future work reviewed in chapter 6.
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CHAPTER 2: LITERATURE REVIEW
2.1 Preliminaries
Through facial detection, extraction feature and recognition of persons via his face, input stage face
image, locating and dividing the background image. Isolation can represent the mastering of the image
features of the image, such as visual features, features and statistical characteristics of the coefficients
of the pixel function shift and algebraic functions, which represent internal image attributes. Face
detection the above steps can be in relation to certain criteria, classification of the image feature. The
splitting of the three steps will be trivial for many applications, such as, driver's license, ID card,
passport, image, simple and easy. Therefore, this issue has not received much attention. Scientists
have been very interested in solving other problems. But more efforts to divide the development of
facial recognition systems have been devoted in recent years to the complex background.

In general, the three-phase automatic face recognition system the main flow chart shown in Figure
2.1
Result Recognition

Image input sequence

Detection

Feature Extraction

Face Recognition

Figure 2.1: The basic flowchart of a face recognition [10]
The most important facts to evaluate the process:

 Large sets of test images are essential for adequate evaluation.
 The sample should be statistically as similar as possible to the images that arise in the
application being considered.

 Scoring should be done in a way which reflects the costs or other system requirement
changes that result from errors in recognition.

 System reject-error behavior should be studied, not just forced recognition.
 The most useful form of evaluation is that based as closely as possible on a specific
application.

 The accuracy, samples, speed and hardware, and human interface are extremely required for
the face recognition.

The most popular facial recognition methods such as Principal Component Analysis (PCA), Linear
Discriminant Analysis (LDA), Independent Component Analysis (ICA).
5

2.1.1. Principal Component Analysis (PCA)
Principal Component Analysis (PCA) 0, also known as Karhunen-Loeve (KL) and Eigenspace
projection for face recognition is based on the information theory approach. Principal component
analysis is a dimensionality reduction technique which is used for compression and recognition
problems. The scheme is based on an information theory approach that decomposes face images into
a small set of characteristic feature images called eigenfaces, which may be thought of as the principal
components of the initial training set of face images. Recognition is performed by projecting a new
image onto the subspace spanned by the eigenfaces and then classifying the face by comparing its
position in the face space with the positions of known individuals.

2.1.2. Linear Discriminant Analysis (LDA)
Linear discriminant analysis [12] is a method of reducing the dimension used for classification
problems. LDA is also referred to as Fisher Discriminant Analysis and looks for these vectors in the
base space that are best distinguished between classes. Linear Discriminant Analysis creates a linear
combination of independent features which yields the largest mean differences between the desired
classes. The basic idea of the LDA is to find a linear transformation so that the functional groups are
the most separable after the transformation, which can be achieved by scatter matrix analysis, the
goal of the LDA is to maximize the inter-class scatter matrix, minimizing the extent of the LDA
groups images of the same class and separates images of different classes.

Images are projected from N-dimensional space (where N is the number of pixels in the image) into
C-1 space (where C is the number of image classes). To identify the test image, the projected test
image is compared with each projected training image, and the test image is identified as the next
instruction image. training images are projected into a subspace. Test samples are projected into the
same subspace and identified using a similarity measure.

2.1.3. Independent Component Analysis (ICA)
Independent Component Analysis (ICA) [13] is a statistical method for transforming an observable
multidimensional random vector into statistically independent components as far as possible. ICA is
a special case of redundancy reduction techniques and presents data in the form of statistically
independent variables. ICA of a random vector is to find a linear transformation that minimizes the
statistical relationship between its components.
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The goal of the ICA is the independent decomposition and representation of images. In other words,
the goal is to minimize the statistical dependence between the basis vectors. ICA is a generalization
of the PCA in the sense that the ICA de-correlates the high order moments of input while the PCA
encodes only second order moments.

In face recognition tasks, ICA can be superior to PCA because it is able to display higher order
statistics of facial images. While reconstructed face images with several leading eigenfaces losses and
look like filters with a low-pass filter, the corresponding images of the remnants contain highfrequency components and are less sensitive to light fluctuations. Since these images of the remains
still contain rich information for individual identities, the face features are extracted from these ICA
residue areas.

2.2 Theoretical and Technical Foundation
Face recognition is easy task for humans, but with machine learning methods, face recognition not
the same. The difficulties arise because of the large differences in the appearance of the face, head
size, frontal face angel and change in environment conditions. Such difficulties make facial
recognition one of the fundamental problems of pattern analysis. In recent years, there has been
growing social media interest in recognizing faces by individuals because of possible applications.
To design a complete conventional human face recognition system should include three stages:


Detection image pattern as a subject and then as a face against either uniform or complex
background.



Detection of facial landmarks for normalizing the face images to account for geometrical
changes.



Identification and verification of face images using appropriate classification algorithms.



Results that detect and improve the technique of face recognition in the examined and
verified images.

In Figure 2.2, the block diagram of a typical face recognition system is given.
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Figure 2.2: Block Diagram of a typical Face Recognition System [14]
In the block diagram, pre-processing means of early vision techniques, face images are normalized
and if desired, they are enhanced to improve the recognition performance of the system. Some or all
of the following pre-processing steps may be implemented in a face recognition system:


Image size normalization



Histogram equalization, illumination normalization



Median filtering



High-pass filtering



Background removal



Translational and rotational normalizations

After performing some pre-processing (if necessary), the normalized face image is presented to the
feature extraction module in order to find the key features that are going to be used for classification.
Extracted features of the face image are compared with the ones stored in a face library (or face
database). After doing this comparison, face image is classified as either recognized or unrecognized.
Training sets are used during the "learning phase" of the face recognition process. The feature
extraction and the classification modules adjust their parameters in order to achieve optimum
recognition performance by making use of training sets. After being classified as "unrecognized",
face images can be added to a library (or to a database) with their feature vectors for later comparisons.
software tools developed during the research can be used in for identity verification, forensic
examination, and during teleconferences. The algorithm implemented in the research of the thesis is
intended for solving problems of face recognition on static images.
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2.3 Related Work
The Study of [15] focused on automatically estimating the discriminative coefficients in a discrete
wavelet transform (DWT)/PCA that deals with inter-class and intra class standard deviations.
Consequently, eigenfaces are selected based on the eigenvalues with discrepancies caused by the
illumination factors among trained images.

A scheme based on information theory approach was proposed by [16], which decomposes face
images into a small set of characteristic feature images called eigenfaces. These feature images are
actually the chunks of the initial training set of face images. Recognition is performed by projecting
a new image onto the subspace spanned by the eigenfaces, and then classifying the faces by comparing
the position of the faces in the face space with the positions of the known individuals. The eigenfaces
approach provides an efficient way of determining this lower dimensional space. Eigenfaces are
eigenvectors that represent each of the dimensions of the face space, and they can be considered as
various facial features. Any face can be expressed as linear combinations of the singular vectors of
the set of faces, and these singular vectors are the eigenvectors of the covariance matrices. Eigenfaces
have been proven to be capable of providing significant features and reducing the input size for neural
networks.

An automated face recognition system to study the potential application for office door access control
was developed by [17]. The eigenfaces technique based on PCA and artificial neural networks is
applied in their system. The training images can be obtained either offline using advance captured
and cropped face images, or online using face detection and recognition training modules on the real
frontal face images of the system. Their system had the ability to recognize faces at a reasonable rate
and at the distance of 40 cm to 60 cm from the camera with the person’s head rotational angle between
-20° to +20°. The experimental results also confirm the influences of illumination and pose on the
face recognition system.

Three experiments were implemented by [18] to improve PCA performance by decreasing the
computational time while same performance. A first experiment is performed to find the best number
of images for each person to be used in the training set that gives a highest recognition rate. In the
second experiment, the analysis is tested using 28 images for each person with 6 images used for the
training process. The best results if obtained by varying the threshold value. In the third experiment,
the number of eigenvectors is decreased producing less computation time. The performance in terms
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of accuracy is same with the second experiment with less computational time. This approach reduces
the computation time by 35 % compared with the original PCA algorithm, particularly with a large
database.

Authors of [19] combined PCA and DCT and both aim at data dimension reduction. PCA is a very
fast algorithm that uses relatively high validity and DCT to reduce time. This hybrid algorithm
provides higher recognition rates than the simple PCA. However, [20] proposed the adaptive PCA to
improve PCA results by operating PCA on faces and face space rotation, and then applying warping
between classes and within class covariance.

A method was presented by [21] which uses SIFT and SURF features to classify face images and
PCA method was applied for better matching results in case of rotation as well as a change in
expressions. The result shows that the performance of the proposed method gives better recognition
rate than other methods.

Different illumination invariant techniques were examined by [22] to identify the one which works
better with PCA for face recognition. Experimental results show that by applying the technique called
Gradient faces at the pre-processing stage can greatly improve the recognition rates.

Pre-processing techniques were performed by [23, 24] on the ORL database to increase the
recognition rate for face recognition using PCA. The experiment result shows increase in recognition
rate when images are resized by 0.3 scale and increase image brightness. Another study was presented
by the same researcher, implemented a PCA-BPNN with DCT. When BPNN is combined with PCA,
the system will recognize faces easily. DCT is used to compress the face databases. Face94 and
Grimace databases are used to test the system performance. This system has acceptance recognition
rate is more than 90%.

A linear discriminant analysis (LDA) algorithm was applied by [25] on the ORL dataset. Images 1 to
40 are tested, and test images are compared with training images. After LDA, 37 out of 40 images are
recognized correctly, while 3 images are recognized incorrectly, this system has recognition rate is
92.5% accuracy.

Authors of [26] proposed an Adaptive Margin Fisher’s Criterion (AMFC) LDA algorithm to
overcome the inadequacy of conventional LDA and MMC, and to attack the singularity of the within10

class scatter matrix under a reasonable cost. The AMFC result is efficient, effective, and has fast
convergence rate. False rejection and false acceptance rates are reduced because AMFC does not
suffer from the SSS intra-class problem. Computational cost is likewise reduced.

A deep convolution neural network method was proposed by [27] for that they provide details of the
algorithm and training process of their proposed face detector, called Deep Dense Face Detector
(DDFD). The key ideas are average the high capacity of deep convolutional networks for
classification and feature extraction to learn a single classifier for detecting faces from multiple views
and minimize the computational complexity by simplifying the architecture of the detector.

Linear Differential Analysis [12] is a method of reducing the size that is used for classification issues.
LDA is also known as Fisher Discriminant Analysis and is looking for these vectors in the underlying
space that best discriminate among classes. Linear Discriminant analysis creates a linear combination
of independent features that provide the greatest average differences between the desired classes. The
main idea of the LDA is to find a linear transformation so that the characteristic clusters are the most
separable after the transformation, which can be obtained by analyzing the scattering matrix

One of the main approaches, the most widely used in the field of image recognition, is the use of
classical classifier models. To train such models, a marked data sample is used, consisting of an array
of images and a corresponding array of labels that determine the category to which the image belongs.
During the learning process, the data array is divided into two sets the training set and the test set,
then using algorithm-specific learning rules, the model parameters are tuned using a training set, to
get an image as an input, the output model would produce a label of the corresponding class. This
approach is represented by a lot of models.

Among which the most widely used is the regression model, an artificial neural network (multilayer
perceptron), support vector machines method, as well as decision trees and model ensemble methods,
which are combinations of some of the listed models.
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CHAPTER 3: OVERVIEW OF ARTIFICIAL NEURAL NETWORKS
The purpose of face recognition is our life. The human brain can recognize and remember the people
faces. The human brain shaped by neural networks. Neural network (NN) algorithms for face
recognition process by applying the input face after pre-processing the NBB network. The NN is
trained to generate the presence or absence of a person. Method and algorithms used
in artificial neural networks will be presented in this chapter. Back propagation algorithm be
discussed in detail, since the algorithm used in the developed face recognition system.

3.1 Introduction to Artificial Neural Networks
An artificial neural network (ANN) is a system consisting of a set of simple processing steps that
operate in parallel, whose function is determined by the network structure, the connection strengths,
and the processing performed in the elements or computational nodes. The architecture of the neural
network is inspired by the architecture of biological neural systems, which uses many simple
processing steps that work in parallel to obtain high performance.

An artificial neural network is a huge parallel distributed processor that naturally tends to store
empirical knowledge and make it usable. It looks like the human brain in two ways [28]:


Knowledge is acquired by the network through the learning process.



Knowledge tools use interaction tools between them, known as synaptic weights.

The neuron is a unit of "many inputs, one output". The output can be excited or not, only two possible
options. Signals from other neurons are added and compared with the threshold to determine if the
neuron is exciting. Input signals are attenuated in synapses, which are parts of neuronal binding. ANN
extracts most of its inspiration from the biological nervous system. Therefore, it is very useful to have
some knowledge of how this system is organized. Most living things that have the ability to adapt to
a changing environment need a control unit that can learn. The most developed animals and humans’
brain use highly complex networks of highly specialized neurons to perform this task. The control
unit can be divided into several anatomical and functional subunits, each of which has specific tasks,
such as visual, auditory, motor and sensor control.

The brain is connected by nerves to sensors and actors in the rest of the body. The brain consists of a
large number of neurons, averaging about 1011. They can be considered as the major building blocks
of the central nervous system. Neurons are interdependent at points called synapses. The complexity
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of the brain is caused by a large number of interconnected units that work in parallel, and each neuron
receives information about 10,000 [29].

Typically, the neuron can be partitioned into three principle parts: the body of the cell (soma), the
dendrites and the axon. The cell body contains organelles of the neuron, and the "dendrites" radiate
from that point. These are thin and exceptionally spread strands – thread - that reach out in various
ways to interface with an extensive number of cells in the gathering. Info associations are produced
using the axons of different cells into dendrites or straightforwardly into the body of the cell. They
are known as the needle therapy and axon neurotransmitters.

For each neuron there is only one axon. It is a single and long fiber, which transports the yield flag of
the cell as electrical motivations (activity potential) along its length. The finish of the axon may isolate
in numerous branches, which are then associated with different cells. The branches have the capacity
to fan out the flag to numerous different sources of info [30, 31].

A single-input neuron artificial network is shown in Figure 3.1. 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 network, often called the
network input, enters the activation function f, which produces a scalar output of neurons. This is the
simplest form of an artificial neuron and is known as perceptron.
General Neuron

net

weight

input

f

output

bias
1

Figure 3.1: Single - Input Artificial Neuron [32]

The neuron output is calculated by equation (1):

output  f ( wp  b)

(1)

A simple model of an artificial neuron in the Figure 3 can indicate the same way of the biological
neuron. Weight w compatible with synapse, the cell body is represented by the summation and the
activation function, and the neuron output represents the signal in the axon.
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3.2 Teaching an Artificial Neural Network
Artificial neural networks learning algorithms divided into two methods that are supervised
(Associative learning) and unsupervised (Self-Organization).

3.2.1 Supervised Learning
Most solutions for neural network solutions have been trained through guidelines. In this mode, the
actual output of the neural network is compared with the desired output. Weights, which are usually
determined randomly for start, are set up by the network, so the next iteration or cycle gives a more
accurate match between the desired output and the actual real output. The learning method tries to
minimize the current errors of all processing elements. This total error reduction is created over time
by constantly changing the input weights until the accuracy of the network is reached.

The supervised artificial neural network (SANN) needs to learn and 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 3.2.
Target

Input

Neural
Network

Output
Compare

Error
Adjustment

Figure 3.2: Architecture of Supervised Artificial Neural Network

With supervised learning, an artificial neural network must be formed before it can be useful. The
training process consists of presenting input and output data to network. These data are often called a
training set. That is, for each set of input data supplied to the system, the corresponding desired output
set is also provided. In most applications, the actual data must be used. This training step can be time
consuming. In prototypes with low computer requirement, training can take weeks. This training is
considered complete when the neural network reaches a user-defined level of performance. This level
means that the network has reached the desired statistical accuracy, since it produces the outputs
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necessary for a given sequence of inputs. If no additional training is required, the weights are usually
saved for application. Some types of networks allow continuous training with much less speed during
the operation. This helps the network adapt to conditions that change gradually.

Training data sets should be large enough to contain all the information the network needs to learn
the feature and attitudes that are important. Not only will the sets be large, but training sessions should
include a wide range of data. If only one example is created at a time in the network, all the weights
carefully set for the fact can be vary changed when learning the following fact.

As a result, the system must learn everything together, find the best weight parameters for all the
facts. For example, when the system learns to recognize pixel patterns for 15 digits, if there were
twenty examples of each digit, all the examples of the digit seven should not be presented at the same
time. This pre-processing of real world, whether cameras or sensors, in a machine-readable format is
already common for standard computers.

Many conditioning technologies that are directly applied to the implementation of an artificial neural
network are easily accessible. Then, the network developer can find the appropriate data format and
network architecture for that application. Once a supervised network has good performance from
training data, it is important to see what you can do with data that you have not yet seen.

If the system does not provide acceptable results for this test, the training period is not over. In fact,
this test is necessary to ensure that the network not only memorizes the given data set, but also learned
the general patterns (generalization)used in the application.

One of the most commonly used models of SANN controlled neural networks is the reverse signal
propagation network, which uses the back propagation learning algorithm. The back-propagation
algorithm is one of the most well-known algorithms in neural networks [33].

3.2.2 Unsupervised Learning
Unsupervised learning is a great promise of the future. Currently, this learning method is limited to
networks known as self-organized maps SOM. These types of networks are not widely used. This is
fundamentally an academic novelty.
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However, they showed that they can provide a widely solution in several cases, which shows that
their promise is not irrational. They proved to be more effective than many algorithmic methods for
calculating numerical aerodynamic flow. They are also used in the laboratory, where they are divided
into a frontal network that recognizes short phonetic chunks of the word, which are then transmitted
to the backbone network. The second artificial network recognizes these strings of fragments as
words.

For an unsupervised learning rule, the training set consists of input training patterns only, the network
trains without restrictions or any help to the teacher. The network learns to adapt according to the
experience gained in the previous training models. The basic architecture of an unsupervised NN
system is shown in Figure 3.3

Input

Neural
Network

Output

Adjustment

Figure 3.3: Architecture of Unsupervised Artificial Neural Network
Instead, they internally monitor their performance. These networks look for patterns or trends in the
input signals and make adaptation in accordance with the network function.

Even without knowledge whether this is right or not, the network still needs information on how to
organize. This information is integrated with in the network topology and training rules. An
unsupervised learning algorithm may confirm that cooperation between groups of processing
elements. In this scheme, the groups will work together. If an external entry activates any node in the
cluster, cluster activity can be increased as a whole. Similarly, if the external input for the cluster
nodes has been reduced, this can have a jam effect for the entire cluster.

Processing between competition elements could also form a basis for learning. Training of
competitive clusters could amplify the reaction of specific groups to specific stimuli. As such, it would
associate those groups with each other and with a specific appropriate reaction. Normally, when
competition for learning is in effect, only the weights belonging to the winning processing element
will be updated [34].
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3.3 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 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.

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 [35].

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 [36].

The Delta Rule: This rule is a further variation of Hebb'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 [37].

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. The process of back-propagating the network errors continues until the first layer is reached.
The network type called Feed-forward, 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 training set can lead to a network
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which cannot converge to the desired accuracy. If that happens, then the network is incapable of
learning the problem.

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 [34].

Kohonen's Learning Law: This procedure, developed by Teuvo Kohonen, was inspired by learning
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. 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 [38].

3.4 Multilayer Perceptron
The multilayer perceptron (MLP) is a hierarchical structure of several perceptions. A single
perceptron is not very useful because of its limited mapping ability. Regardless of which activation
function is used, the perceptron is only able to represent an oriented peak -like function. The
perceptions can, however, be used as building blocks of a larger, much more practical structure. A
typical multilayer 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. The signal-flow of such a network with one hidden
layer is shown in Figure 3.4 [28].
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The supervised learning problem of the multilayer perceptron can be solved with the backpropagation 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 [36].

Input Layer i

Hidden Layer k

Output Layer j

Neuron
Neuron
Neuron

Neuron
Neuron

Figure 3.4: Architecture of Multilayer Perceptron [28]

The Perceptron multilayer network can also be used for unsupervised learning using the so-called
auto-associative structure. This is done by specifying the same values for network input and output.
The extracted sources emerge from the values of the hidden neurons. This approach is intensive in
calculation. A multilayer perceptron network must have at least three hidden layers for reasonable
representation, and learning this network is a slow process.

3.5 Back Propagation Neural Network
In artificial neural networks, there are many network structures and training algorithms, and the return
algorithm is the most popular. The propagation of the neural network architecture is very popular,
because it can be applied to a variety of different tasks. Figure 3.5 shows a block diagram of the backpropagation network. The back- propagation algorithm is a supervised learning algorithm for artificial
neural networks. This extends the weight of the update rule used in the simple perceptron algorithm
for an artificial neural multilayer artificial network.
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Figure 3.5: Block Diagram of Back Propagation Network
The name “back-propagation " is derived from the way the information is distributed over the network
in each algorithm transition, errors at the output nodes are passed back to the hidden nodes through
network connections, and the resulting information is used to update the connection weights.

3.5.1 Structure of Back-Propagation Network
Feed-forward neural networks trained by back propagation consist of multi 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. The neurons are interconnected in such a way that information relevant to the input and
output mapping is stored in the weights. The different layers of neurons in back propagation networks
receive, process, and transmit information on the relations between the input parameters and
corresponding reaction. Aside from the input and output layers, these networks incorporate one or
more "hidden layers". Architecture of back propagation network is shown in Figure 3.6.
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Figure 3.6: Back Propagation Network Architecture [28]
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3.5.2 Back Propagation Network Algorithm
Back propagation learning algorithm, the network begins with a random set of weights. An input
vector is feed forward through the network, and the output values are calculated using this initial
weight set. Next, the calculated output is compared with the measured desired output data, and the
squared difference between this pair of vectors determines the overall system error. The network
retries to minimize this error using the gradient descent approach, in which the network weights are
adjusted in the direction of decreasing error.

Back propagation algorithm consists of steps, listed as the following:
 Initialize hidden and output weights to small random values.
 Input training vector
 Calculate outputs of hidden neurons
 Calculate outputs of output neurons.
 Calculate the differences between the results of outputs of output neurons and desired
targets.
 Back propagate the error to update the hidden and the output weights.
 Repeat the steps 3, 4, 5, and 6 until reaching the goal error.


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

3.5.2.1 Forward Feed Calculation
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 3.7.

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.
wj1
wj2
wji

Neuron

netj
Oj

j
Sigmoid
Function

Figure 3.7: A model Neuron Structure
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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. In particular, the
output of the jth neuron in any layer is described by two sets of equations 2 and 3:

net j 

p w
i

(2)

ji

O j  f th ( net j )

(3)

For every neuron, j, in a layer, each of the i inputs, pi, to that layer is multiplied by a previously
established weight,

wji.

These are all summed together, resulting in the internal value of this

operation, netj. This value is then sent through an activation function, fth.

The activation function is usually the sigmoid function, which has an input to output mapping as
shown in Figure 3.8. The resulting output, Oj, is an input to the next layer or it is a response of the
neural network if it is the last layer.
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Figure 3.8: Sigmoid Activation Function

The output of the neuron with sigmoid activation function is given by equation 4:

O j  f ( net j ) 

1
(1  exp(  net j ))

(4)

The derivative of the sigmoid function can be obtained as follows equation 5

f (net j )
net j

 O j * (1  O j )  f (net j ) * (1  f (net j ))
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(5)

3.5.2.2 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.


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.
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 Tj, and the value it actually
has as a result of the feed forward calculations, Oj[39]. The error term represents a measure of
how well a network is training on a particular training set.

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 6:

 E 
w ji   

 w ji 
Where,



(6)

is the learning rate and E is 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 7:

E

  (T
p

Where,

O pj

j

Pj

 O Pj ) 2
(7)

the actual output response to pattern p and

T pj

is the target output value.

Figure 3.9 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.
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Error

Figure 3.9: Typical Curve between Overall Error and a Single Weight 0

The aim of the training process is to minimize this error over all training patterns. From the following
equation, it can be seen that the output of a neuron in the output layer is a function of its input, or

O j  f th (net j ) . The first derivative of this function O j  f th' (net j ) is an important element in
error back-propagation. For output layer neurons, a quantity called the error signal is represented by

 pj which is defined in equation 8:

 pj  f th' (net pj )  (T pj  O pj )  (T pj  O pj )  O pj  (1  O pj )

(8)

This error value is propagated back and appropriate weight adjustments are performed. This is done
by accumulating the  's for each neuron for the entire training set, add them, and propagate back the
error based on the grand total  . This is called batch (epoch) training.



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  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.
The higher the learning rate , the higher the weight of each age, the faster the net. However, the
amount of learning rate can affect if the network achieves a robust solution. If the learning speed
becomes too high, then the weight changes no longer approximate a gradient descent procedure.
Oscillation of the weights is often the result.
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The ideal case is using the largest learning rate possible without triggering oscillation. This would
offer the most rapid learning 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 backpropagation algorithm so that it includes a momentum term.



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 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, the momentum term can be added as in
equation

w ji (n  1)  w ji (n)   pj OTpi

(9)

w ji (n  1)  w ji (n)  (1   ) pjOTpi  [w ji (n)]
Where the subscript n is the learning epoch and

(10)

w ji (n)

stands for the previous weight

change. The bias weights at the output and hidden layer neurons are updated, similarly [40].

3.5.3 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 [41].

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 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.
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CHAPTER 4: THE PROPOSED SYSTEM
An automatic system for the feature-based face recognition must deal with three basic problems:
detection of the human face in an image, extraction the essential features of the facial image; and
finally, the classification.

This chapter deals with the development of thesis on the face recognition using back propagation
neural networks. The method describes face recognition with multiple images for the same person
using back propagation. Instead of recognizing a person, a face detection pattern is used as a face
database. This chapter describes in detail the generation of the classifier model, from capturing image
to classifying the face (recognized or unrecognized) the person in data set.

4.1 Image Database
The YALE [42] and ORL [43] databases are used for the proposed system; The YALE Face Database
(size 6.4MB) contains 165 grayscale images in GIF format of 15 individuals. There are 11 images per
subject, one per different facial expression or configuration: center-light, w/glasses, happy, left-light,
w/no glasses, normal, right-light, sad, sleepy, surprised, and wink. [44] The ORL database (size
3.56MB) contains a set of faces taken between April 1992 and April 1994 at the Olivetti Research
Laboratory in Cambridge, UK. There are 10 different images of 40 distinct subjects. For some of the
subjects, the images were taken at different times, varying lighting slightly, facial expressions
(open/closed eyes, smiling/non-smiling) and facial details (glasses/no-glasses). All the images are
taken against a dark homogeneous background and the subjects are in up-right, frontal position [45].

4.2 Training and Testing Database
The database of images which are being used in the experiments contains the faces and the dimension
of images as a fixed dimension (195x231x8p) YALE database and (100x100x24p) ORL database.

The YALE database contains 165 faces in the same resolution and lightning conditions. The 165
images database contains 11 different facial expressions for 15 people. 9 of the 11 facial expressions
(natural, smiley, sad and surprised) will be reduced by averaging to one face image, giving 15 average
face images to the neural networks. Testing of the neural network will be implemented using the
remaining 2 facial expressions to provide 30 facial images for testing a trained neural network. With
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ORL database, four image expressions for 15 people will reduced by averaging to one face image,
and six facial expressions to provide 90 facial images for testing a trained neural network.

4.3 Automatic Face Recognition System
4.3.1 General Architecture
The proposed system diagram of face recognition is shown in Figure 4.1. The steps of the system are
the following:
1. Extracting the features of each facial expression (natural, smiley, sad and surprised) of each
subject.
2. Average each feature for all facial expressions of the subject's face.
3. Reduce the size of the matrices of each feature by averaging.
4. Represents the average properties vector instead of the matrix representation.
5. Classify recognized or unrecognized objects using back propagation neural network.

Natural

Feature
Extraction

Feature
Matrices Size
Reduction

Feature
Averaging

Smiley

V
E
C
T
O
RI
ZI
N
G

(a) TRAINING
Sad

Face Recognized
Classifier
Surprised

(Model)

or
Unrecognized

(b) TESTING
Test Image
(Different
Expression)

Figure 4.1: The proposed system diagram of face recognition
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4.3.2 Steps of Face Recognition System
4.3.2.1 Preprocessing
The first step in face recognition system is preprocessing, the dimensions of these images have been
standardized by changing the size of the images to standard dimensions for each object with different
facial expressions such as natural, smiling, sad and surprised. And converting color image to gray
scale in ORL database.
4.3.2.2 Facial Features Extraction
In this step, face location for each facial expression of the face images in the database have been
extracted. The extracted facial features dimension for each feature has to be same. The extracted facial
features of one face image from the database.

4.3.2.3 Image Resizing
The size of the extracted facial features is very large, so it is not practical to use them in the process.
The greater the number of entries means longer processing time. To reduce the time processing, the
reduction of the extracted facial features is a must. By interpolation, the dimension can be reduced
according to the interpolation size. The reduced matrices pixel values are calculated using bicubic
interpolation, that reduced matrix from 195x231(44352 pixel) to 25x25(625 pixel) YALE data set and
100x100 (10000 pixel) to 25x25(625 pixel) ORL data set.

4.3.2.4 Patterns Vectorizing
To prepare the training set patterns to start training the neural network, the matrices of faces features
have been vectorized as patterns. The dimension of each pattern from the 15 averaged faces will be a
vector of 625 pixels as in figure 4.2
pattern1
(person1)

pattern2

pattern15

(person2)

……………..

(person15)

(625x1)

Average of faces

Average of faces

Average of faces

……………………….

(625x1) ……………………
Figure 4.2 Patterns Vectorizing
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(625x1)

4.3.2.5 Classification using Back-Propagation
Creating back-propagation neural network to classify the patterns (features) as recognized or not
recognized. The back-propagation algorithm is the most commonly used neural network. This is due
to its simplicity and efficiency. The back-propagation network is suitable for solving pattern
recognition problems [28]. The back-propagation neural network used in the developed system
consists of the input layer, the hidden layer and the exit layer. The input layer receives input data
(with 625 neurons) that directly transmit values for the average functions. Each pattern contains 625
values representing the average value of the face values of one person. Figure 4.3 shows the back
propagation neural network architecture.
FORWARD PASS
Input Layer

Hidden Layer

Output Layer

1

1

2

2

1

3

3

2

15
625

45

Figure 4.3 ArchitectureBACKWARD
of the Back Propagation
Neural Networks [28].
PASS

Flowchart of back propagation algorithm that used as classifier in face recognition system is shown
in Figure 4.4.
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Update the Weights

NO

MSE>error

YES
Display MSE and
Iteration

Save Final Weights

Figure 4.4: Flowchart of back propagation algorithm
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CHAPTER 5: EXPERIMENTAL RESULTS AND DISCUSSION
5.1 Training the Face Image Datasets
Figure 5.1 shows a sample of YALE face images training dataset. The dataset contains 15 persons
and for each person, 9 different facial expressions are selected randomly.

Figure 5.1. Examples of YALE Training Set Face Images
Another sample is selected from the ORL face images training dataset as depicted in Figure 5.2 The
dataset contains 15 subject and for each subject, 4 different facial expressions are selected randomly
too.

Figure 5.2 Examples of ORL Training Set Face Images
Both training datasets are used by the back-propagation neural network to generate the classifier
model. In the following Table 1, the essential parameters and their values that used in the training
have been listed.
Table 5.1: Parameter values in Training phase
Parameter values

YALE data set

ORL data set

Number of Input Neurons

625

625

Number of Hidden Neurons

45

45

Number of Output Neurons

15

15

Initial Weights Values Range

-0.3 to 0.3

-0.3 to 0.3

Learning Rate (ETA)

0.0495

0.0495

Momentum Factor (ALPHA)

0.41

0.41

Error

0.001

0.001
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Number of Training Iteration

1453

2051

Maximum Iteration

5000

5000

Processing Time (Extracting and Resizing)

0.938 seconds

Training Time

20.7188 seconds

2.109 seconds
39.11seconds

Time results under requirement:
CPU Intel I5 4210U-1.7 GHZ & RA M 4GB
OS WINDOWS 10 x64 & MATLAB 2016

5.2 Testing the Face Image
In both datasets YALE and ORL, all the images in the test set are tested without using the same image
used in the training set. A sample of YALE test dataset is depicted in Figure 5.3 The YALE test
dataset contains 15 subject and each subject has 2 different facial expressions.

Figure 5.3 Examples of YALE Test Set Face Images

The second test dataset is selected from the ORL dataset and a sample is shown in Figure 5.4. The
ORL test dataset contains 15 subject and each subject has 6 different facial expressions.

Figure 5.4 Examples of ORL Test Set Face Images

The recognition rate, the accuracy of recognition and the running time of the training set and the test
set are summarized in Table 2. The recognition accuracy is the average value of the training for 15
subject or the results of the tests.
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Table 5.2: Recognition Accuracy and Run Time of Training and Test Sets
Image

Recognition

Recognition

Run Time

dataset

Rate

Accuracy

YALE

95.546 %

85 %

20.718 seconds

ORL

95.57 %

83.36 %

28.06 seconds

Time results under requirement:
CPU Intel I5 4210U-1.7 GHZ & RA M 4GB
OS WINDOWS 10 x64 & MATLAB 2016

In training process, a combination of a minimum error MSE and high accuracy of recognition is an
important factor in the classifying process. Minimum error and high accuracy are determined by
varying the back-propagation parameters (learning rate, momentum factor, and hidden layer neurons
number).

A graph of the mean squared error (MSE) versus iteration graph with 15 averaged face training images
from YALE and ORL datasets, is depicted in the Figure 5.5.

YALE dataset

ORL dataset

Figure 5.5: Mean Square Error vs. Iteration Graph

5.3 Comparing with Other Face Recognition Methods
The ORL and YALE face datasets is used to compare the results of other facial recognition methods
with the proposed feature-average method. Table 3 shows the recognition rate and the accuracy of the
face recognition methods implemented on the ORL and YALE Datasets.
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Table 5.3: Results of Face Recognition using the ORL and YALE Datasets
ORL dataset

YALE dataset

Recognition

Recognition

Recognition

Recognition

Rate

Accuracy

Rate

Accuracy

PCA (Eigenfaces)

64%-96% [5]

79.1% [45]

80.8% [46]

83% [46]

LDA (Fisherfaces)

99.4% [6]

81% [45]

90% [47]

82.8% [47]

95.6 %

85 %

95.5%

84.4%

Method

Feature-Average
(proposed)
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CHAPTER 6: CONCLUSION AND FUTURE WORK
6.1 Conclusion
The experimental results of our database confirm the acceptance in all 15-image data test. In the
training process, the minimal combination of MSE errors and high accuracy is an important factor in
the classification process.

The minimum error and high accuracy can be determined by changing the back-propagation
parameters (learning rate, momentum factor, and hidden layer neurons number). By being aware of
the facial features of the facial expressions, the system allows it to respond appropriately to other
facial expressions.

The performance of the system has been illustrated by the implementation using two databases such
as YALE and ORL face database, which contains images with small variations in illumination and
orientation.

Facial recognition is a complex problem because faces can be very different, size, lighting and scale
and facial expression. In this work, I presented a way of identifying people based on functions that
use back propagation neural networks. As the thesis relies on feature-based face recognition, the
dimensionality reduction of the features matrices is applied by selecting the features of the faces. In
addition, the size of the functional matrix is reduced by using interpolation (averaging). The choice
of features and mean properties were used to ensure effective face recognition while maintaining the
minimum time cost.

Using back-propagation as classifiers, the function of the neural network can be controlled by
changing the speed of learning parameters, learning rate, momentum factor, and hidden layer neurons
number.

6.2 Future Work
According to experimental results in this thesis, for further investigations, the following problems are
proposed:


Recognize more facial expressions by adding additional expressions.



Due to the large differences in lighting and orientation.



To create a fully automatic face recognition system.
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