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Abstract. The aim of this study is to presents a novel approach for face recognition. For this purpose we present 

a combined algorithm which consists of Principles Component Analysis (PCA) as a feature extraction and Naive 

Bayesian learning as a classifier. AT&T face database obtained from 40 different individuals who consist of 10 

images per person was used. The proposed method shows that the results are very efficient to use applications of 

face recognition.  
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1 Introduction 
 
Humans make use of face as an important cue for identifying people. This makes automatic face recognition 

very crucial from the point of view of a wide range of commercial and law enforcement applications. Face 

recognition has attracted much attention due to its potential values for applications as well as theoretical 

challenges. However, after decades of effort, the problem still remains difficult. It has been observed that in face 

recognition the variations between the images of the same face due to illumination and viewing direction 

changes are almost always larger than those due to change in face identity. Computer algorithms can serve as 

methods for the human face recognition function. Computational methods for face recognition are interesting 

because they can contribute not only theoretical insights but also to practical applications such as criminal 

identification, security systems, image and film processing, and human-computer interaction [1-3]. It is too 

difficult to develop a computational method of face recognition. Because faces are very complex, 

multidimensional, and meaningful visual stimuli. As a typical pattern recognition problem, face recognition has 

to deal with two main issues: (i) what features to use to represent a face, and (ii) how to classify a new face 

image based on the chosen representation. Many classifiers have been developed to manage different variances 

in images, such as image quality, noise, back-ground variability, lighting conditions, translation, rotation, and, 

scaling [4-5].  Classifiers are mostly designed for binary classification and most multi-classifiers are composed 

of several binary classifiers such as K-Nearest Neighbor, Neural Networks, Bayesian etc [6-8].  

 
Face recognition has been an extensive research area for a long time. Refer to for surveys and for reports on 

experiments. Experiments reported in evaluate still-to-still scenarios, where the gallery and the probe set consist 

of still facial images. Some well-known still-to-still FR approaches include Principal Component Analysis 

(PCA), FisherFace (LDA), Independent Component Analysis (ICA), Trace Transform, and Gabor wavelet 

features [9-13]. Typically, recognition is performed based on an abstract representation of the face image after 

suitable geometric and photometric transformations and corrections. 

 

In this study, we used AT&T face database (AT&T Laboratories, Cambridge) for our face matching 

experiments.  This database, formerly known as ORL face database, is composed of 400 grayscale images 

obtained from 40 different individuals, ten different images per person.  The images were taken at different 

times, varying the lighting, the viewing angle (frontal or more or less semi-frontal view), facial expressions 

(open or closed eyes, smiling or not, etc.), and other facial details (e.g., with or without glasses).  All images 
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were taken against a dark homogeneous background with the subjects in an upright position, with tolerance for 

some side movement.  Each original image was 92x112 pixels, with 256 gray levels.   

 

2 Materials and Methods 
 

To reduce the computational load for our exercise, we down-sampled each image to 23x28 pixels by bilinear 

interpolation.  Figure 1 shows 10 down-sampled images of two exemplary individuals from the database to 

illustrate the quality of the images and the range of variations among different images of the same person.   

 

 
 

Fig. 1. Down-sampled face images of 2 of the 40 individuals in the AT&T face database used in experiments. 

 

When we talk about quality of an image we consider pixels of it. The more pixels are means higher quality. 

Furthermore in reality a pixel which we are talking about is number of color of specific pixels. Clearly every 

color can be shown as a 3D vector between 0 and 1.For example [0 0 0] is completely black and [1 1 1] is a 

white color.  

 

For grayscale images the color is in [x x x] form where x is between 0 and 1 corresponding to intensity (how 

bright the pixel is). So, an image is a set of numbers. Precisely it is an “n” by “m” matrix. Figure 2 shows 

corresponding normalized numbers of grayscale of a first image in AT&T face database (formerly “the ORL 

Database of Faces”) and grayscale image itself. 

 

 1 . . . . . . . 19 20 21 22 23 

1    -0.0208 . . . . . . .     0.0317     0.0768     0.0183    -0.0633    -0.0201 

2    -0.0196 . . . . . . .     0.0245     0.0135     0.0067    -0.0714    -0.0431 

3    -0.0194 . . . . . . .    -0.0241    -0.0406    -0.0574    -0.0286    -0.0404 

. . . . . . . . . . . . . . 

. . . . . . . . . . . . . . 

. . . . . . . . . . . . . . 

27    -0.0075 . . . . . . .     0.2105    -0.1659    -0.1668    -0.0925    -0.0076 

28    -0.0093 . . . . . . .     0.1980    -0.2080    -0.1708    -0.0951    -0.0159 

 1 . . . . . . . 19 20 21 22 23 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Sample image in the AT&T face database used in experiments. 
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Thus every calculation is made based on these matrixes. When we train, test, compare images we actually train, 

test and compare sets of numbers. My research is on PCA that is principal components of an image, In order to 

understand what PCA is we have to analyze it first. It uses idea of Eigen values and Eigen vectors. For this 

reason which will be focused on Eigen values and vectors at first. Then, it will introduce PCA generally, and my 

main goal is to compare different types of classifier such as Bayesian classifier or artificial neural networks.  

 

2. 1 Eigen values and Eigen Vectors 
 

Let’s say that λ is an Eigen-value of A if there exists a non-zero vector x such that Ax =λx. In this case, x is 

called an eigenvector (corresponding toλ), and the pair (λ, x) is called an Eigen-pair for A.  

 

Consider the simple transformation, x�3x and y�-2y, which we could write as x’�3x and y’�-2y. The action 

of this transformation is to multiply the x component by three and the y component by minus two. So the 

coordinate (1, 1) is moved to (3,-2) 

       

            y                                                                                        y'  

   

 

     Transforms to  

 

 

x x' 

 

 

 

 
 

 

 

 

Eigen values and Eigen vectors of the matrix: 

 
We assume that the Eigen values are λ and as such for an eigenvector x; Ax = λx, which can be rearranged to 

give; 

 

(A-λI) x=0 

 

The equation only has trivial solutions for x unless the determinant of the matrix multiplying it is zero that is; 

det (A-λI) =0 

 

We have used the term ‘det’ to represent the determinant but we also use vertical lines, as below. In this case this 

lead o a quadratic: 

   1-λ2 

             3            2-λ            = (1-λ) (2-λ)-6 =λ2
-3λ-4 = (λ-4) (λ+1) =0 

 

 

So the Eigenvalues are 4 and -1. 

 

Eigenvectors can be thought of set of features that together characterize the variation between face images. Each 

face image location contributes more or less to each eigenvector, so that we can display the eigenvector as a sort 

of ghostly face which we call an eiegenface. 
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2.2 Principal Component Analysis (PCA) 

 

PCA is a useful statistical technique that has found application in fields such as face recognition and image 

compression, and is a common technique for finding patterns in data of high dimension. M experimental trials, 

each measuring N variables (V1, V2 … VN).  Together, N variables can be viewed as defining an N-dimensional 

space (‘state space’), with each variable serving as one of the orthogonal axes of its coordinate system.  Each 

trial, then, is represented in this state space by a point, whose coordinates are the variables’ values measured in 

the trial. Shift and rotate the axes of the coordinate system, so that the first axis (X1) will be oriented in the 

direction of the maximal variability of the trial points, the second axis (X2) will be oriented perpendicular to the 

first one and in the direction of the remaining maximal variability of the trial points, etc.  Consequently, the last 

axis (XN) will be oriented in the direction of the minimal variance of the data. These axes (X1 … XN) are called 

‘Principal Components’ (see Fig. 3). 

 

 
 

Fig. 3.  Hypothetical example – 3 variables (V1  V2  V3) defining a 3-dimensional space. 

 

In PCA, the coordinate system is shifted and rotated, so that X1 runs along the longest extent of the distribution 

of data points, X2 runs along the next longest orthogonal extent, and X3 gets what is left, i.e., the minimal 

orthogonal extent. Significance of X1 … XN:  X1  carries maximal information a variable can carry about the 

studied subject,  X2  carries maximal amount of the remaining information, etc.  Overall, most of the information 

will be shifted into the first few Principal Components, instead of being distributed more or less evenly among 

all the original variables (V1 … VN). Compute covariance of all possible pairs of raw variables (V1 … VN) across 

all M trials.  To compute covariance of i-th and j-th variables: 
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The result is a ‘Covariance Matrix’ – an NxN table of covariance. In mathematical terms, we wish to find the 

PCA of the distribution of faces, or the eigenvectors of the covariance matrix of the set of face images, treating 

an image as a point (or vector) in a very high dimensional space. The eigenvectors are ordered, each one 

accounting for a different amount of the variation among the face images. In this study, By using specific 

numbers (30, 60) of Principal components which will find out efficiencies of algorithm of classifier.  Each face 

image can be viewed as a weighted sum (linear sum) of these 60 eigenfaces given Figure 4.  
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Fig. 4. Samples of Eigenfaces 

 

 

3 Naive Bayes classifier 

A naive Bayes classifier is a simple probabilistic classifier based on applying Bayes' theorem with strong (naive) 

independence assumptions. A more descriptive term for the underlying probability model would be "independent 

feature model". Depending on the precise nature of the probability model, naive Bayes classifiers can be trained 

very efficiently in a supervised learning setting. In many practical applications, parameter estimation for naive 

Bayes models uses the method of maximum likelihood; in other words, one can work with the Naive Bayes 

model without believing in Bayesian probability or using any Bayesian methods [14]. 

In spite of their naive design and apparently over-simplified assumptions, naive Bayes classifiers often work 

much better in many complex real-world situations than one might expect. Recently, careful analysis of the 

Bayesian classification problem has shown that there are some theoretical reasons for the apparently 

unreasonable efficacy of naive Bayes classifiers .An advantage of the naive Bayes classifier is that it requires a 

small amount of training data to estimate the parameters (means and variances of the variables) necessary for 

classification. Because independent variables are assumed, only the variances of the variables for each class need 

to be determined and not the entire covariance matrix. Abstractly, the probability model for a classifier is a 

conditional model, p(C|F1, ..., Fn) over a dependent class variable C with a small number of outcomes or classes, 

conditional on several feature variables F1 through Fn. The problem is that if the number of features n is large or 
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when a feature can take on a large number of values, then basing such a model on probability tables is infeasible. 

We therefore reformulate the model to make it more tractable. Using Bayes‘ theorem, it can be explained as 

 

 p(C|F1, ..., Fn) =
),...,(

)|,...,()(

1

1

n

n

FFp

CFFpCp
 

In plain English the above equation can be written as 

 
evidence

likelihoodprior
posterior

×
=  

In practice we are only interested in the numerator of that fraction, since the denominator does not depend on C 

and the values of the features Fi are given, so that the denominator is effectively constant. The numerator is 

equivalent to the joint probability model p(C, F1, ..., Fn) which can be rewritten as follows, using repeated 

applications of the definition of conditional probability: 

p(C, F1, ..., Fn) = )|,...,()( 1 CFFpCp n = ),|,...,()|()( 121 FCFFpCFpCp n  

            = ),,|,...,(),|()|()( 213121 FFCFFpFCFpCFpCp n  

            = ),,,|,...,(),,|(),|()|()( 3214213121 FFFCFFpFFCFpFCFpCFpCp n  

and so forth. Now the "naive" conditional independence assumptions come into play: assume that each feature Fi 

is conditionally independent of every other feature Fj for j≠i. This means that  

)|(),|( CFpFCFp iji =  

and so the joint model can be expressed as 

 p(C, F1, ..., Fn) = )....|()|()|()( 321 CFpCFpCFpCp  

          = ∏
=

n

i

i CFpCp
1

)|()(  

This means that under the above independence assumptions, the conditional distribution over the class variable C 

can be expressed like this: 

 p(C, F1, ..., Fn) = ∏
=

n

i

i CFpCp
Z 1

)|()(
1

 

where Z is a scaling factor dependent only on F1,..,Fn, i.e., a constant if the values of the feature variables are 

known [15]. 

Models of this form are much more manageable, since they factor into a so-called class prior p(C) and 

independent probability distributions p(FiC). If there are k classes and if a model for p(Fi) can be expressed in 

terms of r parameters, then the corresponding naive Bayes model has (k − 1) + n r k parameters. In practice, 

often k = 2 (binary classification) and r = 1 (Bernoulli variables as features) are common, and so the total 

number of parameters of the naive Bayes model is 2n + 1, where n is the number of binary features used for 

prediction.  
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3.1 Parameter estimation 

All model parameters (i.e., class priors and feature probability distributions) can be approximated with relative 

frequencies from the training set. These are maximum likelihood estimates of the probabilities. Non-discrete 

features need to be discredited first. Discretization can be unsupervised (ad-hoc selection of bins) or supervised 

(binning guided by information in training data). If a given class and feature value never occurs together in the 

training set then the frequency-based probability estimate will be zero. This is problematic since it will wipe out 

all information in the other probabilities when they are multiplied. It is therefore often desirable to incorporate a 

small-sample correction in all probability estimates such that no probability is ever set to be exactly zero. 

The discussion so far has derived the independent feature model, that is, the naive Bayes probability model. The 

naive Bayes classifier combines this model with a decision rule. One common rule is to pick the hypothesis that 

is most probable; this is known as the maximum a posteriori or MAP decision rule. The corresponding classifier 

is the function classify defined as follows: 

 ∏
=

====
n

i

iiCn cCfFpcCpffclassify
1

1 )|()(maxarg),...,(  

 

4 Conclusions 
 

A novel combined algorithm named as Principles Component Analysis Based on Bayes Classifier has been 

proposed for face recognition. We found a good result for face recognition used database. It is important that 

many approaches of face recognition never require perfect identification, although most require a low false-

positive recognition rate. It can be preferable to find out a small set of likely matches to present to the user. The 

results show that decision of  60 Principal components are the best in terms of preserving most of the data and 

yet small enough for classification methods such as Bayesian.   
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