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This article describes a method of face authentication focused on neural 

components and studies in networks. There are three phases of the system: pre-

processing, review and identification of the key component. Standardization 

lighting and head alignment were done during the preprocessing period. The key 

feature research is used to classify facial characteristics that are important to 

identify. The original image package determines the eigenvectors and the 

eigenfaces. The field increases with Eigensfaces and represents weighted sum of 

Eigensfaces. New faces are predicted. Such weights are for the recognition of the 

ears. The neural network will be used to create the face database by using these 

weights to recognize and authenticate the face. A separate network for each 

person is constructed in this work. The input facial is first projected onto the space 

of Eigenface. Each individual was previously trained as network input in the new 

Descriptor. The one with the maximum performance will be selected and identified 

as host if the host passes the pre-set recognition threshold. The developed 

algorithms are checked in the face-databases of YALE and OLIVETTI. 

 

Keywords: Face authentication, Face recognition, Eigenvector, Principal 

component analysis, Eigenface, Neural network. 

 

1. Introduction 

This portion examines the basic concepts of facial recognition and two key 

strategies of facial recognition. Face analysis is an independent activity to detect 

trends. This could be described as the classification of the "known" or "unknown" 

face as opposed to the stored named individuals. It is also important to have a 

device capable of recognizing unfamiliar names. A range of challenging issues are 

in face recognition computational models have to address. In order to distinguish 

an actual face from any other face, the features must be portrayed in the best 

possible way from the information available on the face. Face poses a difficult 

problem here, because all faces have the same features as lips, nose and mouth 

arranged nearly the same way as each other. 

The term is our main focus in social relations, which has to play an important 

role in spreading personality and feeling. While the importance or character of the 

face is uncertain, the human capacity to recognize the face is remarkable. Also, 

after years of separation, we remember thousands of recognizable faces of our 

youth.  Despite significant improvements in visual stimulation, this is quite 

durable due to physical factors, expression, age and issues, such as interaction 
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adjustments, darts or hair style. In many ventures such as security systems, credit 

card authentication and criminal identification, face recognition has become an 

important issue. Suspected identification would be considerably improved by the 

ability to construct and distinguish a single face from multiple reported facial 

images. Instead of recognizing them, the ability to merely detect faces can be 

important. Faces in images can be very useful for automating the production of 

color films since the results of many techniques of optimization and noise 

reduction depend on image quality. 

 

2. Motivation 

In 1888, Francis Galton originally proposed a formal method of classifying 

faces[1, 2]. Research on face recognition was mostly sleeping during the 1980s. 

The interest in facial recognition in research has increased considerably since the 

1990s due to the following facts: 

1. The focus on civil / commercial research projects has been increased, 

2. Reappearance of the neural network classificators with a focus on 

computing and adaptation in real time, 

3. Real-time hardware accessibility, 

4. The rising need for surveillance software in connection with drug 

trafficking, terrorism activity etc. 

While they are clearly aware of the name, it is entirely unclear if the human 

brain should be interpreted or decoded. It is difficult to develop a computer model 

of face recognition, as the sides are dynamic multi-dimensional visual objects. 

Facial recognition is therefore a computer-level vision capability requiring various 

techniques in early perception. 
 

3. Literature Survey 

When distinguishing features, often algorithms rely on defining individual 

characteristics such as the eyes, the nose, the lips, the contour of the head. Such 

methods proved difficult to disseminate to different views and were often very 

unstable and demanded a good initial guess. 

However, the efficacy of adult face identification has not been adequately 

descriptive of the individual characteristics or direct relationships[3] by studies of 

facial reconnaissance techniques used by humans. This approach to face 

recognition remains however the most common in computer vision literature. 

Bledsoe[4, 5] tried first of all to recognize the semiautomated face with a hybrid 

human computer system which classificates the face with the photographic 

fiduciary markings. The description requirements included standard dimensions, 

percentage points, eye ends, mouth lines, nose end and chin level. Bell Labs built 

a list of up to 21 functions each. 

Automatically Fischler and Elschlager were checked for the same 

characteristics[6 ]. They defined a linear embedding algorithm using local models 

and a global measurement of facial features. 

Through recent work on Yuille and Cohen the model-based matching method 

has been continued and extended[7]. The strategy is based on deformable facial 
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patterns which are parameterised, in which the significance of the parameter is 

calculated by interacting with the picture in front.. The goal to understand the 

complexity of the mission design are the connectionist methods of identification. 

Kohonen[8 ] and Kononen and Lehtio[9 ] describe a network of links with a 

basic analysis algorithm that can identify face images and capture face-size images 

from distorted or noisy network data. 

Fleming and Cottrell[10] are using non-linear structures to extend these 

concepts. A number of geometric parameters that define and execute parameter-

based pattern recognition have discussed automated face recognition. 

Canada's facial identification system was the first one to optimize all 

recognition measures through a top-down control strategy focused on a common 

layout of anticipated characteristics. A facial identification system was the first 

method to be used. His system calculated a number of facial parameters on a 

single facial picture and utilized a model classification method to match the face 

of a known, purely statistical set. 

The aim of our research is to develop a pattern recognition system without 

monitoring, which does not rely on excessive geometries and calculations, such as 

deformable templates. 

Due to its usability, pace and learning ability, the method of Eigenfaces was an 

appropriate approach to face recognition. M. A and Turk. Pentland carried out an 

earlier work, which first observed and defined faces centered on the Eigenfaces 

method. 

This paper suggests an approach-based facial recognition system similar to the 

one suggested by Turkish and Pentland. This scheme is based on the knowledge 

theory method, which divides face pictures into tiny characteristic pictures called 

Eigenfaces, which can be considered as the main features in the initial creation of 

facial portraits. 

When the features of a database are constructed, each identity can be defined 

precisely by the combination of those characters in this database. The multipliers 

are called the traditional Vectors of this face, and this face may be described by 

different descriptors, in accordance with these characteristics. Everybody in the 

database has a neural network of their own. First, with these new descriptors of the 

formation images these neural networks are trained. This mask is projected onto 

the Eigenface field first and is given a new descriptor when an image is to be 

found. 

The new descriptor is applied to each person's network as a network input. If 

the host passes predefined recognition threshold, the neural grid with the 

maximum output is selected and reported. In terms of speed, usability, learning 

efficiency and solidity, the technique used by Eigenface in this framework 

balances other facial recognition approaches. 
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4.  Methodology 
 

4.1 Recognition of Face Using Eigenfaces 

Many of the earlier works on automatic facial recognition have ignored the 

question as to which aspects of facial recognition are relevant. This suggests using 

an intelligence method of coding and decoding facial images, highlighting the 

significant local and global characteristics. Such characteristics can or should not 

be directly connected to our visual intuition, eyes, hair, lips and nose. 

The resulting data will be obtained, encoded and connected to a likewise 

encoded model database in the language of information theory. A simple approach 

to extracting information from the face picture often encodes and contrasts the 

variation in a series of facial images with respect to the measurement of quality to 

capture and use this detail. Mathematically, the primary components of the facial 

distribution or the supporters of the covariance matrix of the facial picture 

collection are used as points or eigenvectors within a strongly dimensional space. 

The Eigenvectors are numbered, each of which describes a disparity between 

face pictures. These eigenvectors are a group of features that describe the disparity 

between facial pictures together. Position of the image contributes more or less to 

Eigenvector so that these Eigenvectors can be shown as a kind of ghostly facial 

image called the "Eigenface." 

Figures 1, Figure 2, Figure 3 and Figure 4 respectively illustrate the face 

pictures sample, mean face, face properties, and corresponding equivalents. Each 

Eigenface differs from uniform gray, in which some of the facial characteristics 

differ from each other. The Eigenfaces can be presented as a kind of face-to-face 

map. 

 

Figure 1. OLIVETTI Data Set Sample Face 

Figure 2. The Representative Sample Profile of OLIVETTI Sample 
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Figure 3. The OLIVETTI Data Set EigenFaces for the Sample. 

 

Figure 4. The Characteristic Curve on Eigenvalues and Eigenfaces. 

 

Every face can be precisely defined by a linear combination of Eigenfaces. The 

"best" Eigenfaces, that have the largest Eigenvalues, can be approximated on each 

side, thus representing the greatest variety of face images. Figure 4 shows that 

Eigenvalues are dropped very rapidly, so the sides with relatively few Eigenfaces 

can be represented. 

The highest M-Eigenfaces span a sub-space in M dimensions that we call the 

"face space" of any image possible. A technique to reflect face images effectively 

using principal component analyzes has been developed by Kirby and Sirovich[12, 

13]. They determined the best coordinate system for image compression starting 
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with a series of original visual images, witheach co-ordinate really being an image 

which they called "Eigenpicture." 

We indicated that a range of facial pictures can be retrieved by saving a small 

number of weights per face and a small number of normal images. By projecting a 

facial image onto each object, the weights representing each face are identified. 

Turk & A. Pentland [14] argued that when weighted figures from a small group  

of characteristic features or images reconstructed a large number of facial images, 

It could be a valuable way of learning and of remembering the faces in time by 

constructing the signature elements and by evaluating the different faces needed to 

reconstruct the elements in an estimated manner. 

Then, a small group of functions, or weights appropriate to identify and 

replicate the object is identified. This is an extremely compact depiction, identical 

to the pictures themselves. The projected Face1 picture with a set of authentic 

values is shown in Figure 5. 

 

 

 

Figure 5. The First Image with the Number of Eigenfaces 
Reconstruction 

 

15 Eigenfaces is adequate to reconstruct the faces accurately, according to the 

figure from the 25 faces database (25 Eigensfaces). This function or weights of the 

Eigenpicture are called vectors and are used to identify the face images and to 

recognise them for purposes of identification. 
 

4.2 Eigenfaces Calculation 

Let an face picture I(x, y) be an 8-bit amplitude2-dimensional Nx N sequence. 

A vector of dimension N2 is also an image so that a typical 256x 256-size image 

becomes a 65,536-dimensional, or an equal 65,536-dimensional, vector. A set of 

images maps a series of points in this immense space. 
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Similar face images in this huge picture field are not scattered arbitrarily as they 

are generally similar. Hence, a relatively small subspace of dimension can be 

represented. The main idea of the study of the main component is to define vectors 

that are best suited to the propagation of facial expressions over the whole image 

space. Expanding Karhunen-Loeve. 

These vectors characterize the facial picture's surface Each vector is N2 in 

length and the initial facial pictures reflect the Nx N representation is a linear 

mixture. As those vectors are the matrix of covariance that refers to the original 

images of the face and look faceless, we call them' Specificities.' 

An Eigenvector X is reported to be an N x N matrix A and an equivalent 

Eigenvalue λ if 

                                                                      (1) 

Eq. (1) can obviously only hold if 

         (2) 

That is an Nth degree Polynomial in т, which is expanded and which has the 

Eigenvalues. This shows that N (not necessarily distinct) are always Eigenvalues. 

Equal Eigenvalues are called "degenerated" by multiple roots. 

If it is the same as its transposition, a matrix is called symmetric, 

        (3) 

If its transposition equals its opposite, it is considered orthogonal, 

        (4) 

Finally, if it commutes with transpose, a true matrix is called normal, 

         (5) 

Since providing some insights into the terminology which will be used in the 

estimation of the Eigenfaces, we will start with the method in which these 

Eigenfaces are identified. 

Enable the structure set to be , the average set is defined by 

        (6) 

Every face is different from the vector average 

         (7) 

Figure 1 shows an example of training set with the average face Ψ as in Figure 

2. 

A set of very broad vectors is subjected to the key component study, which 

searches for a collection of M orthonormal matrix, un which best describes the 

distribution of results.The kth vector, uk, has been selected to 

       (8) 

is subject to maximum 
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      (9) 

The covariance matrix has the vectors  and scalars   as the Eigenvectors and 

Eigenvalues, respectively.  

       (10) 

Where the matrix A= [Ф1 Ф2 …… ФM]. Nevertheless, the C-covariance 

matrix is N2 x N2 and the definition of the N2 Eigen-vectors and Eigen-values is 

unwavering in the standard picture format. In order to find such Eigenvectors, we 

need a computer-based system. 

In this case we can solve for the N2 dimension Eigenvectors by first solving the 

Eigenvectors containing elements of an M x M matrix such as a solving of 16 x 16 

matrix instead of a 16.384 x 16.384 matrix. 

The Eigenvectors vi of A AT is Considered and given as  

         (11) 

we have eq (12) by Pre-multiplying both sides by A, 

        (12) 

On this basis, the M x M matrix L =  , where Lmn =  and find the M 

Eigenvectors,  , of L are then generated and found. Such vectors evaluate linear 

M-training combinations of face images in order to form  Eigenfaces.  

        (13) 

The study reduces estimates greatly by the pixel count of images (N2) to the 

number of images in the training set (M). The measurement results are 

considerably smaller. The instruction range of face pictures is relatively small in 

reality (M < N2), and these measurements can be handled well. The related 

Eigenvalues allow us in the characterization of the differences between the images 

the Eigenvectors according to their usefulness.  

Successful outcomes of this algorithm are based on the estimation of the 

authentic value and the authentic symmetrical matrix L consisting of the image 

training set. The signature equation looking for the root, Eq. (2) is inherently an 

extremely poor way of measuring true values. A more powerful method [15] for 

evaluating Eigenvalues and Eigenvectors has been used during the programming 

process of the above algorithm. The actual symmetric matrix will first be reduced 

to tridiagonal form through the "householder" algorithm. The householder 

algorithm decreases Nx N symmetric matrix A to tridiagonal structure with N-2 

orthogonal transformations. Each transition is broken by the correct portion of a 

column and the accompanying row. Subsequently, Eigenvalues and Eigenvectors 

are obtained by QR transformations. Based on the QR algorithm, every valid 

symmetric matrix can be break down in A= QR, with Q being orthogonal and R 

triangular. The working load of the QR algorithm for the prohibitive general 

matrix is O (N3) by iteration. The workload is only O (N) per iteration, which in 

the case of a tridiagonal matrix is extremely effective. 
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4.3 Classification Of Face Image Using Eigenfaces 

 

The pictures of Eigenface from the L-eigenvectors shape a number of bases in 

which face features can be portrayed. A restricted variant of this system has been 

tested, scanned in controllably and found that 40 characteristics are adequate to 

provide a very strong noticeable representation by Sirovich and Kirby, in an 

ensemble M-115 photographs of caucasian people. For the M'=40 domain, the 

RMS pixels defined cropped picture models by approximately 2% by pixels. 

A lesser M can be sufficient to distinguish, since the exact reconstruction of the 

picture is not a prerequisite and seven Eigenfaces is sufficient to identify the 

members of the training group for a training group of quatorz-faced pictures. 

Nevertheless, the number of features will equate to the number of images set for 

optimum consistency in the preparation.  

Identifying is in this context a feature for pattern recognition. The features 

stretch from the initial N2 object space across a M-dimensional subspace. The M's 

important Eigenvector of the L matrix was chosen as the highest related 

Eigenvalue. A new image of the face (as a) becomes its Eigenface components by 

means of a simple operation, 

        (14) 

For k= 1, ... ,M’. This describes a set of multiplication and summary images 

point by point, operations performed with approx. the frame rate of current O(N4) 

image processing hardware. 

The weights form a feature vector, 

        (15) 

This describes each Eigenface's contribution for the representation of the inside 

face image and treats the Eigenfaces as the basis of face images. The functional 

vector is then used to find which of a number of predetermined facial classes best 

describes the face in the standard pattern recognition algorithm. By averaging the 

results of the Eigenface representation over a small amount of face images (as few 

as one) of each individual the Face Classes can be calculated. 

 

4.4 Restoration of an Eigenfaces facial image 

 

A face image can be reconstructed (reconstructed) approximately with its vector 

and its Eigenfaces as 

        (16) 

Where, 

        (17) 

is the projected image. 

Eq. (16) says that only by adding a reference from wi Eq. (17) to the combined 

training set images, is the face picture under analysis reconstructed. The fitness 
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degree or the reconstruction error ratio may be expressed by the euclidean distance 

of the original facial image from the reconstructed one, as set out in Eq. (18). 

      (18) 

When participants of training sets differ greatly, the restoration error ratio 

decreases. This is due to the addition of the normal face picture. The average 

image on the face will be more messy, and the reconstruction error relation will 

increase if the members are different (especially in the background image). 

 

4.5 Neural network preparation and emulation for identification 

Neural networks have been equipped for complex functions in various 

applications, including concept identification, perception, classification, speech, 

vision and control systems. 

In this article there is a neural network in the database for each person. After the 

estimation of the property, the feature vectors are calculated for the faces in the 

database. The vectors are used to train each person's networks. For the network of 

the individual (the network contributes "1" to the output) and for the other 

individuals in a training algorithm, the images of the same person's face can be 

used as a positive example. Figure 9 displays a networking preparation diagram 

(this network provides "0" as output). 

The new image, if known, is determined from the previously discovered 

Eigenfaces and its new descriptors are given to this image. Every network is 

equipped with such modern descriptors, which are used to describe networks. 

Considering the network outputs. When the maximum output approaches the 

specified level of the threshold, the individual whose maximum output is 

determined to be this new face. 

 

 

Figure 9. Training of the Neural Network 
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Figure 10. Neural network emulation. 

Algorithm 

Step 1: Form a facial library of recognized people's facial pictures. 

Step 2: Switch of speech and illumination for a training set with several pictures 

(M) for each User. 

Step 3: Determine the M x M matrix L, consider its Eigenvectors and 

Eigenvalues, and pick the M ' Eigenvectors of the highest corresponding 

equivalent values. 

Step 4: To produce M ' Eigenfaces combine the standardized image training set 

in accordance with Eq. (13). To subsequently use, store these Eigenfaces. 

Step 5: In accordance with Eq, calculate and store a vector. (15) in the face 

library for each user. 

Step 6: Build a neural network in the database for each human 

Step 7: As positive examples and as negative examples for all other networks, 

prepare such networks 

Step 8: Calculate the attribute vector according to Eq. (15) for each new face 

picture to be found. 

Step 9: Use these vectors to represent all networks as network inputs 

Step 10: Choose the maximum output network. If you have a predefined 

threshold on the output of the selected network, this is reported as the input face 

host. It is identified as unknown and adds this member with its vector and network 

to the front library. 
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5. Result and Discussion 

 

Two separate repositories: OLIVETTI and YALE face databases will check the 

suggested technique. Each database consists of more than one facial picture 

(speech, light, etc.) each with different conditions. 

Detailed information and the output findings for the proposed facial recognition 

system for these two databases are given in the following section. 

The original neural network parameters used in these experiments are as 

follows: The network used in the proposed system is Feed Forward 

Backpropogation 

Network with number of Eigenfaces to describe the faces as the number of 

neurons in input layer, 10 hiden layers and 1 output layer. The transfer function of 

the ith layer is Tansig, training function as Trainlm with 100 epochs to train the 

network. The learning function while training is considered to be learngdm and 

performance function to be MSE. 
 

5.1 OLIVETTI Face Database Test Results 

To check our system in the presence of headpiece combinations, the OLIVETTI 

face database is used. The pictures of each one of 40 subjects are 10 distinct. 

Several participants had the images taken at various times, different settings, facial 

expression (open / close eyes, smile / not smiling), face specifics (glasses / no 

glasses) and head poses. All the pictures were taken on a homogenous dark 

background. 

Figure 11 displays the whole community of 40 people, 10 photos per person 

from the OLIVETTI database. Since the amount of networks corresponds to how 

many individuals there are, 40 networks have been developed, one per person. Six 

of the 10 images are used first in the tanning, checking and modification of the 

neural networks with the remaining three images to get a minimum squared error 

feature then used to reconcile them. The networks are checked as well. 

The faces used to schedule, track, and control the entire database are updated 

and the identification value is provided for the entire database. The mean face of 

the entire collection and the approximate top 30 (highest accurate values) are 

shown in Figures 12, Figures 13 and 14 respectively. 

The recognition rate is calculated and described in Table 1 using various sides 

used for the trainings as the amount of faces used to train neural networks 

improves the recognition efficiency. The numbers of Eigenfaces used for 

classifying faces, as well as the number of neurons in hidden areas, will be used to 

render checks for different traits and characteristics and measures in Table 2. 

Equalization of Histogram improves the image contrast by translating the values 

into picture pressure, so that the resulting histogram is shown. 
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Figure 11. Images from the OLIVETTI Database 

 

Figure 12. OLIVETTI Face Database Average Face 

 

Figure 13. The OLIVETTI Face Inventory Eigenvalues 
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Figure 14. OLIVETTI Face Database's Top 30 Eigen Faces 

 

Table 1 Level of Recognition with Various Training Images and 
Evaluation Images 

 

No. of 

Training 

Images (per 
individual)  

No. of Testing 

Images (per 

individual) 

Eigenfaces Histo. Equa. Rate of 

recognition 

(%) 

1 9 15 X 9.8 

1 9 15 √ 10.2 

2 8 22 X 15.8 

2 8 22 √ 25.2 

3 7 27 X 33.5 

3 7 27 √ 42.1 

4 6 32 X 54.2 

4 6 32 √ 50.6 

5 5 57 X 87.5 

5 5 57 √ 91.2 

6 4 65 X 98.1 

6 4 65 √ 87.9 

7 3 80 X 89.7 

7 3 80 √ 90.7 

8 2 105 X 95.4 

8 2 105 √ 87 

9 1 150 X 79.5 

9 1 150 √ 94.2 
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Table 2. The Degree of Understanding Utilizing Eigenfaces and 
Neurons 

 

No. of Eigen Faces No. of neurons in 

hidden layers 

Rate of recognition (%) 

37    7  42 

14 59.1 

21 74.4 

35 75.6 

42 7 43 

14 79 

21 81.4 

35 89.2 

47 7 53.7 

14 78.5 

21 89.2 

35 91.6 

52 7 50.24 

14 75.5 

21 82.2 

35 90.1 

57 7 48.24 

14 78.5 

21 87.2 

35 92.1 

62 7 55.8 

14 77.5 

21 84.2 

35 96.5 

67 7 55.8 

14 73.5 

21 88.2 

35 94.5 

72 7 75.8 

14 83.5 

21 88.2 

35 93.7 
 

 
 

No. of Training Images : 10  

No. of Testing Images : 10 

Histogram Equ. : Done for all images 
 

Table 3 Recognition of Different Choices Through Neural 
Networks 

 

 Rank 1 Rank 2 Rank 3 Rank 4 Rank 5 

No. of correct decisions 

(over 400 imags) 
375 34 11 7 3 

Recognition Rate (%) 92 96.5 98 98.7 99.5 
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5.2 OLIVETTI Eye Extraction Face Inventory Test Results 

 

Each segment measures eye-based identification. Only the eyes will test 

recognition performance. The eyes are isolated from the faces. A triangle is first 

formed (see figure 15) and then the eyes are manually cut with this rectangle. The 

average and the full 30 (with the largest Eigenwalues) eyes are shown in Figures 

16 and 17.  In Table 4 and Table 5 respectively, the results of the tests and the 

recognition of the different image and histogram equalization numbers with 

different hidden layer using Eigenfaces and neurons are given. The first, second, 

third, fourth and fifth rates with neural networks can also be seen in Table 6. 

 

Figure 15: The Extraction of Eye 

Figure 16: The Mean of Eye 

Figure 17: Eigeneyes from Top 30 Eigenfaces 
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Table 4 Level of Recognition with Various Training Images and 
Evaluation Images 

 
No. of 

Training 

Images (per 

individual) 

No. of Testing 

Images (per 

individual) 

Eigenfaces 
Histo. 

Equa. 

Rate of 

recognition (%) 

1 9 15 X 9.4 

1 9 15 √ 9.8 

2 8 22 X 12.8 

2 8 22 √ 23.9 

3 7 27 X 30.7 

3 7 27 √ 40.3 

4 6 32 X 51.7 

4 6 32 √ 49.2 

5 5 57 X 83.7 

5 5 57 √ 89.4 

6 4 65 X 95.7 

6 4 65 √ 81.9 

7 3 80 X 85.17 

7 3 80 √ 88.47 

8 2 105 X 92.42 

8 2 105 √ 82.5 

9 1 150 X 77.4 

9 1 150 √ 95.2 
 

No. of Hidden layer Neurons: 15 
 

Table 5 Reconnaissance Levels Dependent on Eigen Faces and 
Hidden Layer Neurons 

 

No. of Eigen Faces 
No. of neurons in hidden 

layers 

Rate of recognition 

(%) 

37 

7 32 

14 49.4 

21 64.5 

35 65.8 

42 

7 33.7 

14 69 

21 79.7 

35 85.3 

47 

7 44.8 

14 68.8 

21 79.4 

35 81.4 

52 

7 49.4 

14 65.5 

21 72.2 

35 80.1 

57 

7 38.24 

14 68.5 

21 77.2 
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35 82.1 

62 

7 45.8 

14 67.5 

21 74.2 

35 86.5 

67 

7 45.8 

14 63.5 

21 78.2 

35 84.5 

72 

7 65.8 

14 73.5 

21 78.2 

35 97.7 

 

No. of Training Images : 5  

No. of Testing Images : 5 

Histogram Equ. : Done for all images 

Table 6 Neural Networks of Different Choices with Recognition 
Rate 

 

 Rank 1 Rank 2 Rank 3 Rank 4 Rank 5 

No. of correct decisions 

(over 400 imags) 
345 30 15 6 3 

Recognition Rate (%) 85.2 88.5 90.4 92.7 98.5 

 

No. of Testing Images : 5  

No. of Eigenfaces : 50  

No. of H. L. Neurons : 15 
 

6.3 YALE Face Database Test Results 

 

In the presence of headposition variations, the YALE Face database is used to 

test our method. The YALE Face Database contains 165 GIF images of 15 people. 

There are 11 photos for each topic: center-light, w glass, happy and left-light, w 

/ no glasses, regular, right-light, sad, sleepy, shocking and winky. Figure 18 shows 

the entire database. Networks were created with 15 networks equal to the number 

of users in the database. 

The 11 images are used for the training of the neural networks, 4 of them are 

checked, the remaining 3 images are modified, so that the smallest squared error 

function is obtained. And these values are used to recognize faces later on. The 

faces used in teaching, research and identification are modified and the level of 

recognition is defined for the entire database for testing. 

The mean face for this set is shown in Figure 19, Figure 20 and Figure 21 as the 

estimated top 30 of Eigenfaces (with the largest Eigenvalues). Table 7 and Table 8 

display the test results and the identification ratios of different pictures and W / W 
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histogram equalization and multiple hidden layer Eigenfacetes and Neurons. Table 

9 also displays the identification levels of the neural networks for 1st, 2nd, 3rd, 4th 

and 5th. 

 

Figure 18 Face Database of YALE 

 

Figure 19. Mean Face from YALE Database 
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Figure 20. Characteristic Curve for the Eigen Values of YALE 
Database 

 

Figure 21. The Top 30 Eigen Faces from YALE Database 

Table 7. Levels of Identification with and without Histogram 
Equalization with Training and Test Numbers 

 

No. of 

Training 

Images (per 

individual) 

No. of Testing 

Images (per 

individual) 

Eigenfaces Histo. Equa. 

Rate of 

recognition 

(%) 

1 10 15 X 11.4 

1 10 15 √ 11.8 

2 9 22 X 12.8 

2 9 22 √ 23.9 

3 8 27 X 30.7 

3 8 27 √ 40.3 

4 7 32 X 51.7 

4 7 32 √ 49.2 

5 6 57 X 83.7 

5 6 57 √ 89.4 

6 5 65 X 95.7 
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6 5 65 √ 81.9 

7 4 80 X 85.17 

7 4 80 √ 88.47 

8 3 105 X 92.42 

8 3 105 √ 82.5 

9 2 150 X 77.4 

9 2 150 √ 89.2 

10 1 155 X 94.7 

10 1 155 √ 98.4 

 

No. of Hidden Layer Neurons: 15 

Table 8 Levels of Recognition using various Hidden Layers of the 
Eigen Face and Neurons of Eigen 

 

No. of Eigen Faces 
No. of neurons in hidden 

layers 

Rate of recognition 

(%) 

17 

7 38 

14 54.7 

21 67.4 

35 69.8 

22 

7 39.7 

14 71 

21 81.7 

35 88.3 

27 

7 47.8 

14 71.7 

21 81.4 

35 87.5 

32 

7 52.7 

14 69.5 

21 77.2 

35 85.1 

37 

7 41.24 

14 72.5 

21 80.2 

35 87.1 

42 

7 49.8 

14 74.5 

21 79.2 

35 89.5 

47 

7 48.8 

14 67.5 

21 80.2 

35 87.5 

52 

7 68.8 

14 77.5 

21 82.2 

35 87.7 

57 

7 69.8 

14 77.5 

21 84.2 

35 88.7 
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No. of Training Images: 5 No. of Testing Images : 6 

Histogram Equ. : Done for all images 
 

Table 9 Recognition of Different Choices Through Neural Networks 

 
Person Rank 1 Rank 2 Rank 3 Rank 4 Rank 5 

1 10  1   

2 11 1    

3 10   1  

4 10     

5 10 2    

6 11     

7 12     

8 10    1 

9 12 1    

10 11 1    

11 12     

12 11     

13 11  1   

14 12 1    

15 11     

Recognition 

Rate (%) 

96 98.7 99.2 99.5 100 

 

No. of Testing Images : 5 No. of Eigenfaces : 30 No. of H. L. Neurons : 15 
 

6.4 YALE Face Database Eye Extraction Test Results 

The face eyes of this category are disabled, so that correct recognition is only 

confirmed with the eyes. All pictures in the Yale database are 100x100-

dimensional and at (30,30) and (70,30) co-ordinates the right and left eye centers. 

The regions of the body are sliced into the 15x68 rectangular and placed at the 

middle of the head. Figure 22, Figure 23 and Figure 24 demonstrate the 

detachment of the head, the middle eye and the top 30 eyes (of the highest peculiar 

value). The test results and distinguishing ratios for various training photos, single 

surfaces and the numbers of neurons in concealed layers are shown in Table 10 

and Table 11. Table 12 also includes the levels for identification in neural 

networks, first, second, third, fourth and fifth. 
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Figure 22. Eye Extraction 

 

Figure 23. Mean Eye from the YALE Face Database 
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Figure 24. Top 30 Eigeneyes from the YALE Face Database 

 

Table 10. Level of Identification with and without Histogram 
Equalization with Training and Test Numbers 

 

No. of 

Training 

Images (per 

individual) 

No. of Testing 

Images (per 

individual) 

Eigenfaces Histo. 

Equa. 

Rate of 

recognition 

(%) 

1 10 15 X 10.4 

1 10 15 √ 10.8 

2 9 22 X 11.8 

2 9 22 √ 21.9 

3 8 27 X 28.7 

3 8 27 √ 37.3 

4 7 32 X 48.7 

4 7 32 √ 47.2 

5 6 57 X 80.7 

5 6 57 √ 84.4 

6 5 65 X 86.7 

6 5 65 √ 80.9 

7 4 80 X 84.17 

7 4 80 √ 85.47 

8 3 105 X 89.42 

8 3 105 √ 79.5 

9 2 150 X 75.4 

9 2 150 √ 85.2 

10 1 155 X 91.7 

10 1 155 √ 99.4 

 

No. of Hidden Layer neurons: 15 
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Table 11 Levels of Recognition using Various Hidden Layers of the 
Eigen Face and Neurons of Eigen 

 

No. of Eigen Faces 
No. of neurons in hidden 

layers 

Rate of recognition 

(%) 

17 

7 37 

14 52.7 

21 65.4 

35 67.8 

22 

7 37.7 

14 69 

21 79.7 

35 85.3 

27 

7 44.8 

14 69.7 

21 79.4 

35 85.5 

32 

7 50.7 

14 64.5 

21 75.2 

35 81.1 

37 

7 39.24 

14 70.5 

21 78.2 

35 85.1 

42 

7 45.8 

14 71.5 

21 75.2 

35 85.5 

47 

7 44.8 

14 65.5 

21 79.2 

35 85.5 

52 

7 64.8 

14 75.5 

21 80.2 

35 85.7 

57 

7 65.8 

14 74.5 

21 82.2 

35 84.7 
 
 

No. of Training Images : 5  

No. of Testing Images : 6 

Histogram Equ. : Done for all images 
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Table 12 Recognition of various neural network choices 
Person Rank 1 Rank 2 Rank 3 Rank 4 

1 9 2 1  

2 9 1   

3 8 3  1 

4 8 4 1  

5 9 2   

6 11 1 2  

7 8 5 2  

8 10 1   

9 10 1  1 

10 9 1 2  

11 8 2   

12 11 2   

13 10 4 1  

14 11 1   

15 9 3   

Recognition 

Rate (5) 
76 95.7 99.2 100 

 

No. of Images in Testing : 5  

No. of Eigenfaces : 30 

No. of H. L. Neurons : 15 
 

6. Conclusion 

A face recognition system based on its own method was introduced in this 

study. 

The key features of this approach are: 

Principal aspect analysis, approaches to facial recognition issue use principles 

in information theory. Extracts in a face image the most important information. 

The Eigenfaces Model is the primary research methodology in which several of 

the signature symbols are tracked using their own covariance matrix vectors. Due 

to their similarity with facial images, these vectors are called "owners." The 

recognisance is carried out by obtaining functional vectors from the vector space 

and by comparing these functional vectors using neural networks. 

Speed, simplicity and learning capability eigenfaces based approach. There 

should be a robust face recognition system to address the following problems: 

• Lighting Changes, 

• Scaling and head orientation issues , 

• Glasses and beards presence in the face, 

• Background of the face. 

Face verification based on face and only eye area is applied using the key factor 

research technique. The proposed facial detection method was very sensitive to 
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background and head orientations, the experimental results showed. A major 

system problem was caused by changes in the lighting. Two separate repositories, 

Olivetti and Yale Repositories, are used as the proposed method. For testing, 

firstly, the facial Olivetti database is used. This collection includes 10 pictures of 

40 topics. 

For neural network architectures, recognition frequencies are embedded with 

different numbers of individual surfaces and secret layer neurons. Five training 

images  per human, 50 separate images for the eigenfaces or 15 hidden layer 

neurons are adequate for satisfying recognition levels (approximately 94 per cent) 

in the entire database. The eigenface process is extremely sensitive to head-

orientations, which results in a maladjustment in images with large head-

orientations. The area of the eye is removed from all picture after these checks and 

tests regularly are carried out to authenticate the faces based on the region of the 

eye and to see that they are diminished but are still acceptable (around 95%). 

Disagreement often happens when the head is wide and the individual's eyes are 

closed. 

The findings of this data base are contrasted with the previous methods, and  

Table 13 indicates the effects. 

Table 13. ORL Face Client Output Results 
 

Method Recognition Rate (%) 

Line Based [16] 97 

Bayesian PCA [17] 93 

Elastic Graph Mapping [18] 80 

LDA [19] 80 

Proposed Method 95 

 

 

The tests for the Yale Face Database will then be repeated. In the case of 

headpost differences our system will be checked using this table. There are 15 

different people, one per facial or shape, with 11 pictures per subject. The Yale 

test results are better (approx. 99%) as the self-facing is less sensitive than head 

orientation to shifts in illumination and small details. The two pictures are cut into 

the eye areas and repeated. The identification results show a slight decrease. 

Because only in the area of vision is confirmed, particularly photographs of people 

who wear glasses or create inconsistencies in closed- eye tests. For this early-

technical report, Table 14 indicates recognition tests. 
 

Table 14 Yale Data Base Output Reports 
 

Method Recognition Rate (%) 

Euclidean Distance [21] 60 

Template Matching [20] 85 

Proposed System 99 
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