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Abstract: This Thesis presents a work on an algorithm for 

Face recognition by adopting a cascade structure of discrete 

wavelet Transformation (DWT), two dimensional principal 

component analysis (2DPCA) and Neural Network (NN). 

DWT and 2DPCA is used as a first stage for extracts distinct 

intrinsic feature of images. DWT is applied as wavelet 

decomposition by multi-resolution decomposition.  2DPCA 

algorithm is also a well known technique in the area of face 

recognition. In this proposed work, we also use feed forward 

back propagation neural network with three hidden layers. 

Neural    network creation is the last step in the proposed 

algorithm. The code takes the desired picture and runs it 

through the neural networks one by one, each time resulting in 

a score. For each network we can summarize the most 

important operations. In our method, we define a structure 

with three stages of carefully designed deep convolution 

networks that predict face with unpredictable conditions and 

landmark location in a coarse-to-fine manner. 
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I. INTRODUCTION 

ace recognition is an interesting and successful application 

of Pattern recognition and Image analysis. Face 

recognition is deliberated the one of the best trustworthy 

biometric, when security issues are taken into concern. Among 

a no. biometric techniques face recognition is considered as 

one of the best trustworthy. Face recognition provides a secure 

authentication over each individual objects. Different methods 

are used for extraction of facial feature which are 

approximately classified into linear and nonlinear subspaces.  

The two main tasks of face recognition system are: 

verification and identification. Face verification stands for a 

1:1 match in which a system compares a face images against a 

template face images whose identity being claimed. Face 

identification is a 1: N problem which is different from 

verification. Identification compares a query face image 

against all image templates in a database. Face Detection 

techniques based on Haar and AdaBoost algorithm technique  

are relies on the use of simple Haar for features with a new 

image presentation . Then AdaBoost algorithm is used to 

select the most useful features from numerous extracted 

features of face. Finally, a strong classifier from boosting a set 

of weak classifiers would be extracted. This approach has 

proven to be an effective algorithm to visual object detection 

and also one of the first real time frontal-view face detectors. 

Face recognition has received considerable attention because 

of its numerous applications, such as in entertainment, smart 

cards, information security, law enforcement, and 

surveillance. 

 

II. CONVENTIONAL FACE RECOGNITION METHODS 

 

This section summarize the different conventional face 

recognition techniques. First method is PCA. PCA is a 

classical data presentation technique widely used in the area of 

pattern recognition and computer vision which derives feature 

characteristic of the face by projects image into a subspace of 

eigenvectors. PCA is also well known as Eigen space 

Projection or Karhunen-Loeve Transformation. PCA Second 

approach is ICA. ICA is a statistical method and it is 

performed on face images under two different architecture. 

First architecture considers images as a random variable and 

output comes in pixels. Second is reverse of first one which 

considers pixels as a random variable and output comes in the 

form of images. ICA is also a redundancy reduction technique 

where redundancy input has the structural information of 

environment. Third is Kernel-PCA. As its name suggest this 

method use kernel function to in the input space. Kernel PCA 

evaluates the principal eigenvectors of the kernel matrix. This 

approach is also known as kernel trick. By applying this kernel 

trick any linear model can be turned into nonlinear model. 

Kernel function measures similarity between any pair of 

inputs. 

III. PROPOSED ALGORITHM 

 

This is an extension of face recognition using Eigen faces. The 

images are transformed into lower resolution wavelet sub-

bands in order to reduce computational complexity. The main 

idea is to decompose a given image using Wavelet Transforms 

(WT) into Wavelet sub-bands. Using a wavelet transform, the 

transient elements of an image can be represented by a smaller 

amount of information, that is, a lower resolution image. 

Wavelet decomposition provides local information in both 

space domain and frequency domain. Resolution of the image 

is thereby reduced which would mean reduction in the 

complexity of the computation. 

In three levels of decomposition of an image, The original 

image is of the resolution n X n. The 1st level of 

decomposition will result in images of resolution n/2 X n/2. 

The top-left image is further decomposed to get n/4 X n/4 

resolution sub-bands in the 2nd level of decomposition. In the 

3rd level of decomposition, we will have images of resolution 

n/8 X n/8 as shown in the Fig 1. 
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Fig 1: DWT decomposition 

The sub-band images have a wide range of variance whose 

sum is equal to that of the original image. The same steps as 

mentioned for Eigen Faces are followed for face recognition, 

but the wavelet sub-band is used instead of the original image. 

Training stage has 5 sub-stages. In the first sub-stage, 3-level 

WT using the Daubechies wavelet D4 is applied to decompose 

the reference images. Every single reference is then 

decomposed into 10 sub-bands. PCA is then applied on the 

16X16 sub-band 4 images. The collection of the sub-band 4 

images will form a new set. A correlation matrix will be 

constructed for this sub-set. We will get set of Eigen vectors 

and Eigen values as output from this. We have to arrange the 

result in the descending order. Now we need to select “d” 

eigenvectors with the largest eigenvalues, they are used as the 

bases. 

These d' eigenvectors span a subspace E = span {e1, . . ,ed}.  

all reference images are represented by a linear combination of 

M. This has a representational bases by projecting them into 

the M Eigen subspace. Then training image representation is 

done by projecting the resultant of the sub-band images into E, 

Eigen sub-space. Last step is to store the image 

representations and the representational bases in the library. 

Recognition stage has 3 sub-stages. In the first step, an 

unknown image is presented to the recognition stage. This 

unknown image is subtracted by the mean value of the 

reference images and a resultant image is calculated. Then, a 

3-level WT is applied to transform the resultant image, similar 

to training stage. In the second step, the 16 x 16 sub-band 4 

sub image is represented as a probe image representation by 

projecting its sub-band 4 image into the subspace E = 

span{e1, . . , eM}, which is obtained in the training stage. This 

type of representation is known as probe image representation. 

Finally, the comparison between the probe image and the 

reference images in the library is done to find out if the input 

image matches with any of the images in the library. 

However, a detailed stepwise approach is mentioned below to 

understand the minorities of the algorithm. 

 

Step 1: Prepare the test data. Choose „M‟ training face images 

and prepare the training set images Ti. The training set of face 

images are represented as T1, T2, T3...TM. 

 

Step 2: Calculate the average of the matrix Average face of the 

set Ψ = 1/M (T1+T2+T3+... +TM) 

     

Step 3: Subtract the average For each face, the difference with 

the average is Φi = Ti –   

 

Step 4: Calculate the covariance matrix. These vectors are 

then subjected to PCA which seeks a set of M orthonormal 

vectors un and their associated Eigen values λk that best 

represent the distribution of the data. The vectors un and λk are 

the eigenvectors and Eigen values, respectively of the 

covariance matrix 

 

C = 
 

 
∑   
 
     

          

 

C = AA
T 

where the matrix A = [Φ1, Φ2,Φ3, Φ4….,ΦM]    

 

Step 5: Calculate the eigenvectors and Eigen values of the 

covariance matrix. 

 

Since the covariance matrix C is of size N
2
 by N

2
, determining 

N
2
will be a huge task for typical image sizes. So the 

alternative is to determine the eigenvectors by solving a 

smaller M by M matrix and taking linear combinations of the 

resulting vectors. This would reduce the calculation from the 

order of the number of pixels in the images N
2
 to the order of 

the images in the training set M.  
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Step 6: Select the principal components. 

 

Usually, we will use only a subset of M Eigen faces, the M' 

Eigen faces with the largest Eigen values. This completes the 

training phase of the face recognition. 

 

Step 7: Face recognition – classifying the face 

 

The next task is the face recognition. The test image Ttest is 

projected into face space by the following operation: 

ωk =   
 (       )               

  

Weights form a vector Ω
T
 = (ω1, ω2, ω3… ωM) describing the 

contribution of each Eigen face in representing the input face 

image.  

Whichever face class provides a minimum of Euclidean 

distance of εk = ||Ω- Ωk||, where Ωk is vector defining kth face 

class, is the matching face image. 

A threshold of θ defines the maximum allowable distance 

from the face space beyond which the face is considered as 

“unknown”. 

 

IV. RESULT AND ANALYSIS 

 

This Thesis considers the well-known ORL face dataset that is 

taken at the Olivetti Research Laboratory in Cambridge, UK. 

The ORL dataset contains 10 Grey images corresponding to 

ten different images of 40 distinct subjects. Some sample faces 

are shown in Fig 2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

    

Fig 2: Some samples of ORL dataset 

 

 

Parameter 2DPCA Proposed Algorithm 

Tested Image 50 50 

Correct 40 46 

Incorrect 10 4 

Accuracy 80% 92% 

 

Table 1: Result Comparison between 2DPCA and 

proposed algorithm 

 

The images are taken at different times with different 

specifications; including varying slightly in illumination, 

different facial expressions i.e. open and closed eyes, smiling 

and non-smiling, and facial details i.e. glasses and no-glasses. 

All images were captured against a dark identical environment 

with the individuals in an upright, frontal position, as well as 

tolerance for some orientated and alternation of up to 20 

degrees. There is some variation in scale of up to about 10%. 

All the images are 8-bit gray scale with size 112 x 92 pixels. 

 

In this work, a new technique for image feature extraction and 

recognition two-dimensional principal component analysis 

(2DPCA) is developed. 2DPCA has many advantages over 

conventional PCA (Eigenfaces). In the first place, since 

2DPCA is based on the image matrix, it is simpler and more 

straightforward to use for image feature extraction. Secondly, 

in term of accuracy of face recognition, 2DPCA is better than 

PCA. Although it has been seems to be consistent for different 

databases and conditions, in some of the experiments the 

differences during the analysing of performance was not 

statistically significant. Third, 2DPCA is computationally. In 

this research we studied the Wavelet Transform with respect 

to filtering the face feature and decomposing the original face 

image respectively. The 2-Dimensional Discrete Wavelet 

Transform is measure the variations in faces. ORL face dataset 

demonstrate the MATLAB implementation for classification 

or pattern identification. 
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