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Abstract- Face recognition subject to uncontrolled-blur, illumination, occlusion errors are challenging and which gives 
negative impact on face recognition accuracy. Hence, error removal is necessary in face recognition methods before the 
application of other techniques for face classification. To achieve this we propose a new method called Face Classification 
using Histogram Equalization and and morphological operations. Using mirror image technique the virtual images for both 
training and test samples are generated.  The conventional and inverse representation methods on these images are applied 
separately further, they are combined to achieve better accuracy using weighted fusion. The experiments are carried out on 
publicly available FERET, ORL, Extended YALE and JAFEE normal and corrupted face data bases.  The results show that, 
FCHE is an improvement over conventional and inverse representation based linear regression classification (CIRLRC). It is 
demonstrated that, FCHE performs better than the other state-of-the-art conventional representation based Face classification 
Methods. 
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I. INTRODUCTION 
 
Biometric system is essentially a pattern recognition 
system that operates by acquiring biometric data from 
an individual, extracting a feature set from the 
acquired data, and comparing this feature set against 
the template set in the database. The physiological 
characteristics of a person include the features like 
fingerprints, face, hand geometry, voice, and iris etc., 
which are unique to a person and would always 
remain same throughout the lifetime.  Hence, these 
biometrics features can be used for authentication 
purpose in computer based security systems, which 
operate either in verification or identification mode 
[1]. The face is very important and widely used 
biometric characteristics for person recognition. The 
most popular approaches to face recognition are 
based on shape of facial attributes, such as eyes, 
eyebrows, nose, lips, chin and the relationships of 
these attributes. So, more research is going on in this 
area because of its huge and varied applications.  
 
Motivation: The work proposed by Xu et al., [2] uses 
a representation based classification that integrates 
conventional and inverse representation based 
classification for enhanced face recognition. To 
overcome the problem of insufficient training 
samples, virtual images are generated. The 
conventional method and the inverse representation 
reflect the error present in test image and training 
image respectively.  
 
Contribution: In face recognition normally, the 
images will have noise such as, blur, error, occlusion, 
background etc., usage of such corrupted images do 
not produce good results and hence to overcome this, 

the two techniques namely, Histogram Equalization 
(HE) and Morphological Operations (MO) are used. 
After applying these two techniques the conventional 
and inverse representation methods are applied and 
finally, the results are combined using weighted 
fusion to achieve enhanced face classification 
accuracy. 
 
Organization: The rest of the paper is organized as 
follows: Section II gives a brief review of Related 
Works. Section III describes the System Model. 
Section IV discusses Algorithms and Analysis. 
Section V explains experimental Results and 
Conclusions are presented in Section VI. 
 
II.  RELATED WORK 
 
Imran et al., [3] formulate the pattern recognition in 
terms of linear regression (LR). The LRC algorithm 
falls in the category of nearest Sub-space 
classification. Here they propose an efficient modular 
LRC approach, that segments a given occluded image 
and reaches individual decisions for each block, then 
the intermediate decisions are fused from all the sub 
images using a Distance-based Evidence Fusion 
(DEF) algorithm. 
 
Zhang et al., [4] propose a simple and efficient 
collaborative representation based classification 
(CRC) with regularized least square (CRC-RLS) for 
face recognition. SRC codes a testing sample as a 
sparse linear combination of all the training samples 
and collaboration with whole data set resulting in 
minimum representation error. Yang et al., [5] 
propose a relaxed collaborative representation model 
(RCR) for pattern recognition which effectively 
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exploits the similarity and distinctiveness of different 
features for coding and classification for face 
recognition. The weight is adaptively determined that 
effectively handles occlusions in face recognition. 
Wright et al., [6] propose a Sparse Representation 
Classification (SRC) is one of the oldest method 
introduced under RBCMs. It represents a testing 
sample as a sparse linear combination of all the 
training samples and then classifies the testing sample 
by finding which class leads to the less representation 
error.  SRC is power full for face recognition because 
of usage of Collaborative   Representation.  
 
Xu et al., [2] propose a novel Conventional and 
Inverse Representation-Based Linear Regression 
Classification (CIRLRC) for enhanced face 
recognition. The conventional Linear Regression 
Classification (LRC) requires large number of training 
samples. In this Inverse representation method 
exploits the mirror-image to optimize virtual training 
samples and test samples. The trained samples are 
used to perform weighted fusion to obtain enhanced 
face recognition. 
 
Problem Definition  
Given a set of face images with and without noise, to 
develop a face classification technique to achieve 
enhanced accuracy over Conventional and Inverse 
representation based classification.  
 
The Objectives are to:  
(i) Improve face classification accuracy.  
(ii) Improve robustness of face classification method. 
 
III. SYSTEM MODEL 
 
In this section, we explain the proposed model to 
achieve enhanced face recognition accuracy by 
creating virtual images and incorporating corrupted 
database. The block diagram of the proposed model is 
as shown in Fig. 1. 
 
Proposed Model 
Face images are loaded from the database and given to 
the Histogram Equalization as an input, which is used 
for performing Morphological Operations. The 
features extracted from the training samples are used 
for normalization and these are used to generate 
virtual training samples using mirror image concept. 
These virtual training samples are combined with the 
original set of samples. 
 
The features extracted from the test samples are  used 
for normalization to generate virtual test samples 
using mirror image concept and these virtual test 
samples are combined with the original samples as 
same as training samples. The conventional 
representation and inverse representation is applied on 
the combined test and training samples separately. 
These two representations are combined using 

weighted fusion, conventional *w1+ inverse *w2, to 
get required classification accuracy. w1 and w2 
indicates the percentage to obtain the desired 
representation by assuming the value as 0<w1<1  and  
0<w2<1. 
 
IV. ALGORITHMS AND ANALYSIS 
 
A.  Histogram Equalization and Morphological 
Operations (HEMO). 
In the proposed model, we consider all the images in 
the database and apply histogram equalization to 
improve the image brightness. The MATLAB 
function histeq enhances the contrast of images by 
transforming the values in an intensity image, or the 
values in the color map of an indexed image, so that 
the histogram of the output image approximately 
matches a specified histogram. Further, 
Morphological Operations are performed by using top 
hat filter and bottom hat filter to remove the noise and 
to fill the skin holes in face image imtophat(IM, SE), 
that performs morphological top-hat filtering on the 
grayscale or binary input image IM. Top-hat filtering 
computes the morphological opening of the image 
(using imopen) and then subtracts the result from the 
original image. Imbothat (IM, SE) performs 
morphological bottom-hat filtering on the grayscale or 
binary input image, IM and returns the filtered image. 
 

 
Fig.1. Block diagram of proposed FCHE  model 

 
The argument SE used in both filters is a structuring 
element returned by the strel function. SE must be a 
single structuring element object and not an array 
containing multiple structuring element objects. In this 
method original image is added to the top-hat filtered 
image and bottom-hat filtered image is subtracted. 
These steps are given in Function 1 HEMO. 
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B. Virtual Images 
Currently, face classification uses large database. The 
technique involved to get more training images is to 
generate virtual images using mirror image concept.  
             Vtr (x,y)= Tr(x,Y-y+1)                                 (i) 
 x=1, 2, …, X    and  y=1, 2, …… Y. Where, Vtr(x,y) 
represents virtual image, obtained from its original 
image Tr.. X and Y are total number of rows and 
columns present in face image matrix Tr. 
 
C. Conventional Representation (CR) 
In conventional representation, the test image is 
represented as a linear combination of the training 
images. The difference between the test image and the 
expression result of every class is exploited to perform 
classification. It is applied on Ctr to get the resultant 
face image matrix Cr, The steps that can be performed 
for this representation are described in Function 2. 
Here, to find the variation between the test image Ts 
and the expression-result of every class (S' * Pre), 
normalization is applied.  
 
Function 1: Histogram Equalization and 
Morphological Operation (HEMO) 

Input: All Images in the database, Nc * Nm 
Initialize : Top Hat Filter image (THF) , Bottom 
Hat   
                 Filter image (BHF) 
Output : Histogram equalized and Morpholized  
                image matrix R2 
1. Read image from database. 
2. Apply Histogram Equalization on image. 
                HI = histeq(Image) 
3. Create morphological string element SE 
of  
        type Disk,   SE = strel(‘disk’,3). 
4. Add the Top Hat Filter image to 
Histogram   
        equalized image (HI),  R1 = THF + HI 
5. Subtract Bottom Hat Filter Image From 
R. 
               R2 = R1 – BHF 

Function 2: Conventional Representation (CR) 

 
Input: Ctr 
output: Cr 
for c = 2 to n                                  
   for  j=1 to Nts * c         
 for k=1 to c 
    Pre=Ctr[ (k-1) * (Ntr *2)+1: k * (Ntr *2), : ]; 
    S=inv [Pre * Pre! + 0.01 * I (NTR *2) ] *Pre * TS

! ; 
    Cr(k) = norm [ Ts – S!  * Pre ]; 
 end 
   end 
end  

Function 3: Weighted Fusion (WF) 
 

Input : Cr , Ir 
output : tj 

For a particular test sample‘t’, normalize its scores 
and “distances" with respect to all the subjects using 
 Crj’= (Crj – Crmin) / (Crmax- Crmin) and  
Irj’= (Irj – Irmin) / (Irmax- Irmin) 
Where,   Crmin= min(Cr1 ,Cr2, Cr3, . . . , Crc) 
Crmax= max(Cr1 ,Cr2, Cr3, . . . , Crc)  
Irmin= min(Ir1 ,Ir2, Ir3, . . . , Irc)  
Irmax= max(Ir1 ,Ir2, Ir3, . . . , Irc) 
use tj = w1* Crj’ + w2 * Irj’ to calculate the ultimate   
score with respect to the jth class. 
w1 and w2 are the weights and w1<1,w2<1.  
If m= arg minj tj , then ‘t’ is assigned to the mth 
subject. 
 
D.   Inverse Representation and Weighted Fusion 
In general,  the conventional representation cannot 
find the error present in training samples,  to 
overcome this limitation  Xu et al., [2] proposed 
Inverse representation that gives an approximation 
representation of each training sample of a subject by 
exploiting the test image and training image of other 
subjects.  Cnt contains the linear combination of 
training images, original and virtual test images; we 
obtain Ir by computing the variation between training 
images Td and Cnt. The Conventional and Inverse 
representation are combined using weighted fusion to 
get better accuracy and is explained in Function 3. 
 
E.    Face Recognition on Normal Database (FRND) 
The main steps involved to compute the face 
classification accuracy is described in Algorithm 1. 
Initially, images are loaded from database and then 
Histogram Equalization and Morphological 
Operations are applied. Virtual images are generated 
for both training and test samples and they are 
combined with original images. Conventional and 
inverse representations are applied on these images 
separately and are combined using weighted fusion. 

 
Algorithm 1:  FCHE on Normal Database 

Repeat 
Step 1:  Initialize Nc, Nm, Ntr, Nts = [Nm – Ntr] with 
respect to Databases.  
Step 2: Histogram Equalization and 
Morphological Operations HEMO(); 
Step 3: Extract the features of training [Tr] and 
test samples [Ts] using norm function. 
Step 4: Generate virtual training [Vtr] and test 
samples [Vts] using equation (i). 
Step 5: Combine Original  [Tr] and virtual  [Vtr] 
training samples into Ctr using equation (1).  
Step 6: Combine Original [Ts] and virtual  [Vts] 
test samples into Cts using equation (1). 
Step 7: Conventional Representation CR(); 
Step 8: Inverse representation [Ir] on Cts using 
equation (3) 
Step 9: Weighted Fusion WF(); until get 
Classification Accuracy repeat  for all databases 
until all databases classification accuracies 
obtained. 
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F. Face Recognition on Corrupted Database (FRCD) 
With the help of MATLAB imnoise function, salt and 
pepper noise with 0.02 variance is added into the 
images to generate the corrupted database. Further, by 
using the Algorithm 1: FCHE as it is, without using 
any filter on corrupted database, the face recognition 
accuracy is computed.  
 
V.  EXPERIMENTAL RESULTS 
 
The FCHE is implemented using MATLAB and 
tested on standard face databases. The normal and 
mirror images of different database samples are shown 
in Fig. 2. The experimental results for the 
classification accuracies (%) on normal FERET, ORL. 

Extended Yale  and JAFEE databases are shown in the 
Table II.  
 
A. FERET Database 
The FERET database [7] is a standard dataset used for 
face recognition system evaluation. We used the 
subset of FERET face database to verify the FCHE. 
This subset consists of 200 images from 20 
individuals, each providing ten images. The first three 
face images of each class are considered as original 
training samples and the rest of face images are 
considered as test samples. The classification accuracy 
(%) on FERET database for the test samples 1, 2, and 
3 when, w1=0.6   are 61.00, 79.82 and 84.7 as shown 
in Table II. 

 

 
Fig. 2.  Normal and Mirror images from FERET database 

(Row 1: Normal and Row 2: Mirror images) 
 

 
Fig. 3.  Normal and Corrupted images of ORL and GT databases (Row 1: Normal and Row 2: Corrupted images) 

 
B. ORL Database 
The Our Database of Faces (ORL) [8] contains ten 
different face images of each of 40 distinct subjects. 
For some subjects, the images were taken at different 
times, varying the lighting, facial expressions and 
facial details. We used all images, named as orl001, 
orl002 up to orl400. The first two, three and four face 

images of each class are considered as original 
training samples and the rest of face images are 
considered as test samples.  
 
The classification accuracy (%) on ORL database for 
the test samples 2, 3 and 4 when, w1=0.6 are 93.30, 
98.88 and 93.30 as shown in Table II. 
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C.  Extended YALE B Database 
The Extended YALE B database [9] consists of 2,414 
frontal face images of 38 subjects under various 
lighting conditions. The database was divided in five 
subsets; We used first 10 images from first 20 
subjects. 
The first two, three and four face images of each class 
are considered as original training samples and the rest 
of face images are considered as test samples. The 
classification accuracy (%) on Extended YALE B 
database for the test samples 2, 3, and 4 when, w1=0.6 
are 61.00, 65.12 and 84.57, for w1=0.7 are 66.00, 
70.36 and 91.60 and for w1=0.8 are 71.00, 75.59 and 
98.63 as shown in Table II. 
 

D.  JAFFE Database  
The Japanese Female Facial Expression (JAFFE) 
database [10] contains 213 images of 7 facial 
expressions posed by 10 Japanese female models. 
Each image has been rated on 6 emotion adjectives by 
60 Japanese subjects. We used first 20 images from 10 
subjects. The first two, three and four face images of 
each class are considered as original training samples 
and the rest of face images are considered as test 
samples. The classification accuracy (%) JAFFE 
database for the test samples 2, 3, and 4 when, w1=0.6 
are 55.00, 71.40 and 79.60, for w1=0.7 are 60.00, 
77.90 and 86.90 and for w1=0.8 are 65.00, 84.50 and 
94.10 as shown in Table II. 

Table II. Classification Accuracies (%) of FCHE on Normal FERET, ORL, Extended YALE B and JAFFE 
database 

 
 

Table III. Classification Accuracies (%) of FCHE on Corrupted FERET, ORL, Extended YALE B and JAFFE 
database 

 
 

E. Experiments on Corrupted Database  
To verify the sturdiness of the proposed FCHE 
method, experiment is conducted on corrupted face 
images of the same database and the set of test and 
training samples are same as those in section V-A. to 
V-D respectively. Fig. 3. shows samples of Normal 
and Corrupted images of FERET database. The 
classification accuracy (%) on JAFFE corrupted 
database for the test samples 2, 3 and 4 when, w1=0.6 
are 56.00, 69.30 and 74.00.  FERET and ORL 
corrupted database classification accuracies are 
shown in Table III. 
 
CONCLUSIONS 
 
In this paper, we proposed Face Classification using   
Histogram Equalization, which effectively exploits the 
dissimilarity between the test image and all classes of 
training images. Further, it assigns the test image to 
the class that has minimum dissimilarity. First 
Histogram equalization and Morphological operations 
are applied to reduce an error / noise from erroneous, 
occluded face images before the application of  other 
techniques.  Second, to avoid insufficient training 
samples we generate virtual images by using mirror 

image concept. Finally, combining conventional and 
inverse representation techniques using weighted 
fusion, better face classification accuracy is achieved. 
The FCHE is tested on FERET, ORL, Extended Yale 
and JAFEE normal and corrupted databases and the 
results shows that it is better than the CIRLRC [2] 
method. Further, face recognition accuracy can be 
improved by using various types of filters and the 
robustness can be improved by testing against noises 
like Poisson noise, speckle noise etc.. 
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