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Abstract. The main aspect of this paper involves in recognizing the face, reading the 
persona from face, demonstrating the condition of emotion in order to avoid from reliable 
impact on choices, helps to make proper judgments and to prevent health disorders. 
Recognizable and classification of emotions has been a research zone since Charles Darwin's 
age. In this correspondence, Theoretical investigation demonstrates that Gradient faces have 
more discriminating power than the illumination insensitive measure extracted from the pixel 
space. The existing method works by separating illumination insensitive features for face 
recognition under fluctuating lighting called the Gradient faces. The Gradient faces are 
effective method for illumination problem in face recognition, and strong to various lighting, 
noise and elimination of shadow of the images. However it fails to extract more features from 
the face for this reason it should not produce accurate results and matching emotions. To 
overcome this drawback a new method is proposed. The proposed method permits automatic 
recognition of fundamental features and precisely measures. By means of integrating FCM and 
PCA on GLCM feature vectors extracted from the images, we can classify the distinguished 
features. Based on the analysis on location features, the face features are automatically 
determined and high recognition rates are achieved. 
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1   Introduction 

In the past few decades face recognition occurs has major advantages in many areas. 
Various face recognition techniques have been proposed [1]-[4]. These techniques have 
common characteristic for finding minimum dimension feature subspace lying in maximum 
dimensional face space. However, the performance of the existing face recognition techniques 
is highly sensitive to illumination variation. In this way, brightening is a standout among the 
most significant components influencing the execution of face recognition and received much 
attention in recent years. Various types of techniques have been proposed to deal with 
illumination problem. In the first approach it handles the illumination conditions. For instance, 
Histogram equalization (HE) [5] & [6], logarithm changes [7] are widely used for 
normalization. However, it is difficult for different image processing applications for lighting 
conditions. Some techniques have been developed to eliminate lighting effects from images 
under illumination conditions. In [8] compare images under variable illuminations are studied. 
In [9], Low Curvature Image Simplifier (LCIS) are used. This technique is computationally 
intensive and no less than 8 different manual selection parameters are used. Second approach it 
handles the illumination problem for constructing the 3D face model. In [10] & [11] images 
with a fixed pose under various illumination form a convex cone in images are studied. 
However it is essential to require multiple face images under different illumination conditions.  
Spherical harmonic models are applied for low dimensional face images [12] & [13]. In [14] 
segmented linear sub space model are presented. The third approach is to extract illumination 
invariant features which are used for face recognition. In [15] we observed casting doubt on the 
claim of universal facial expressions. In this study, a cross cultural perspective concerning 
facial expression recognition will be conducted. The findings of these studies identified the 
existence of six universal expressions – anger, disgust, fear, happiness, sadness, and surprise. 
Faces interact with the perception of emotional expressions and are more directly involved in 
the individual’s interpretation of the facial movement.  In this work the existing method has 
been analyzed and based on the limitations innovative method is proposed which has been a 
produced better result. In this paper the present face recognition and analysis methods applied 
for emotional expressions of face image shapes for controlling the abnormal emotions. 

 

2   Existing Method 

Step1: The input image is smoothening and applies the convolving with Gaussian 
kernel function: 

 1 * , ,I I G x y         (1) 

Where * is the convolution operator and 
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 is Gaussian kernel function and σ is the standard deviation. 

Step2: The gradient image I can computed by using the convolution operator and 
derivative of Gaussian kernel function in the x, y directions: 

   '* , , '* , ,x x y yI I G x y and I I G x y       (3) 

Where Gx(x, y, σ) is the derivative of Gaussian kernel function in x direction and 
Gy(x, y, σ) is the derivative of Gaussian kernel function in y direction. 

Step3:  Illumination insensitive measure can be computed by 

 arctan 0, 2
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      (4) 

Step4:  Obtain Gradient faces ← G 
          In the above procedure the reflectance model has been used. Correspondingly 

the image can be expressed as product of reflectance and illumination  

     , , * ,I x y R x y L x y      (5) 

   Where I(x, y) is image pixel value, R(x, y) is the reflectance and it can be 
determined by the characteristics of the surface object and L(x, y) is the illuminance 
and it can be determined the lighting source. Therefore, reflectance R can be 
considered as illumination insensitive measure. Separation of the reflectance R and 
the illuminance L from real images is an ill-posed problem. In order to try to solve the 
problem, a typical supposition is that L differs gradually while R can change 
suddenly. Let us examine the common assumption by Considering two neighbor point 
(x, y) and (x+Δx, y) of an image I(x, y) taken under lighting, since L(x, y) is controlled 
by the lighting source, then it is sensible that L(x, y) and L(x+Δx, y) are around 
equivalent by and large  when Δx is very small. Along with this, L is approximately 
smooth. This coincides with the common assumption L changes very slowly, which 
means L is approximately smooth. After the complete review of the reflectance model 
and the common assumption, it should be pointed out that the L be approximately 
smooth. But it may be violated in shadow boundaries. However, shadow is an open 
problem in the field of image processing and pattern recognition. To address the issue 
of shadow limits, a normal capacity function is introduced to the Gradient faces. 
Moreover, different from image processing, we must to be more concerned with 
recognition performance rather than image in the area of face recognition 
applications. This method works better for uneven illumination and elimination of 
shadow of the image but fails to extract more features from the face this is the reason 
not to produce accurate results and matching emotions.  To overcome this drawback a 
new method is proposed. 

3 Proposed method 

3.1   Co-occurrence matrix method: The co-occurrence matrix method, face 
features are extracted from the gray level values. The features of an image are 
represented by the change of image gray levels. The grey level co occurrence matrix 
(GLCM) of an image shows the gray level gradient under the condition of a certain 
spatial position. Based on parameters distance between the pixel pairs d and the 
angular relation θ GLCM can be calculated. The angular relation θ is quantized in four 
directions (0

◦
, 45

◦
, 90

◦
, and 135

◦
). For rectangular M × N image segment I(x, y), gray 

levels i and j, the non-normalized GLCM Pij ’s are defined by  

        0 1

1 1

, , ,
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       (6) 

Where 
1 arg

.
0

if the ument is true
C

otherwise


 


    (7) 

The ± and ∓ signs shows that each pixel pair is counted twice that is one is 
forward and other is the backward to make the GLCM diagonal  is symmetric. We 
use GLCM-based texture features to discriminate the different face features. 

3.2   Principal component analysis: The GLCM components are interrelated. In 
addition, the collection face images tests additionally makes the measured Moreover, 
the assortment of the face image samples also makes the measured feature vectors 
become confusing. The measured feature vector sets appear clouded and may be 
redundant. This checks the exactness of the next classification. The objective of PCA 
is to separate significant information from data sets consisting of a large number of 
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interrelated variables. The fundamental idea of PCA is to recognize the most 
significant meaningful basis to re express the data set. The feature data set are 
represented for a face image is an m x n matrix X. By using PCA, we find a new basis 
B that will uncover an ideal representation Y of the original data set X. The row 
vectors of B will become the principal components of X. Geometrically, B is a linear 
transform that rotates and stretches X into Y, i.e.,  

 BX Y         (8) 
The basic steps for determining B in our studies are the following:  

Step 1: Calculate the mean of each measurement as  

 
1

m

i ij

j

x x


        (9) 

Step 2: Subtract the mean for each measurement to create  a zero mean data set 

   

Step3: Construct the matrix Y, Y can calculated as  

 
1

TX
Y

m



 

Step 4: Compute the singular value decomposition (SVD)  of matrix Y. SVD 
produces a diagonal matrix S with nonnegative diagonal elements in decreasing order 
and unitary matrices U and V so that Y = USV

T 
. The column vectors vi of V are the 

principal components.  

Step 5: Choose the first k principal components vi by using the following criterion

 1
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      (10)  

Where λi represents the main diagonal elements of S, m is the number of 
dimensions. Project the data set X to an optimized feature vector set Y by applying to 
the first benefit of the PCA method is dimension reduction. The other primary 
motivation behind this method is to de-correlate the original data to remove second-
order dependencies for accurate classification in the next step.  

3.2   FCM: Fuzzy C-mean is used to classify the possible different features. FCM is 
based on minimizing the following objective function for the partition of data set  
X = {x1, x2,..., xn} given by:  
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        (11)

  
Where n is the number of data vectors, c is the number of clusters with 1< c ≤ n, ui,k 

is the degree of membership of xk in the i
th
 cluster, m(1 < m < ∞) is a weighting 

exponent that influences the fuzziness of the membership function, and vi is the center 
of the i

th
 cluster. The norm ||xk - vi || is the distance between the sample xk and the 

centers of classes vi. In our studies, we want to classify a set of texture feature vectors 
with k dimensions into two clusters. The algorithm can be summarized by the 
following steps:  

Step 1: Initialization (iteration 0)  
Scan the face image features through the whole sample image to construct the data set 
X containing the feature vectors of each feature Set c=2 and m=1.5. Randomly choose 
the centers of clusters vi. From the iteration t=1to the end of the algorithm:  

Step 2: Compute the membership function ui,k using:  

If 0k ix v  , then set 1 0ik iku and u for i k      (12) 
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Step3: Update the positions of the centers vi using n, 
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        (14)  

Step 4: If ||U
(t+1)

 −U
(t)
 ||>ε, then increment the iteration t, and back to Step 2; 

otherwise, stop the algorithm. ε is the termination criterion. After finding the clusters 
we have to determine their exact features in which the vertical direction and in the 
horizontal direction, the orientations of the features in detected segments are different 
depending on the type of the misclassification area. These features show gray level 
average difference between two pixels according to their distance d and orientation. 
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Suppose I(x, y) is an M × N gray scale image. The horizontal and vertical projection 
of the complete image is defined, respectively, as H(y) and V(x); thus, we have  

       
1 1

, ,
n m

x y

H y I x y and V x I x y
 

       (15) 

4 Experimental results 

In this paper, we evaluate the integrated model of the proposed method by several 
experiments on different databases like an outdoor database; Yale face database, PIE 
face database and my own database which is created for the project of DST are taken 
under controlled lighting conditions. The proposed integrated model compared with 
gradient faces under the same experimental conditions and also evaluates under 
uncontrolled illuminations. This experiment is carried out by choosing an image per 
subject as reference image, the other images as query images, in turn. The results of 
gradient faces and proposed method values are illustrated in Tables and graphs. For 
example in the fig1 database, Image p1 is considered as reference image and p2 to 
p10 are query images. As per the table1 and graph1 p4 image is very close to p1 
image and remaining are more dissimilar. P1 and p6 have high discrimination because 
emotions are different. In the fig2 database, Image r1 is considered as reference image 
and r2 to r10 are query images. As per the table2 and graph2, r5 image is very close to 
r1 image and remaining is disparate. r1 and r4 have high intolerance because 
emotions are poles apart. In the fig3 database, Image sp2 is considered as reference 
image and sp1 to sp11 are query images. As per the table3 and graph3, sp3 image is 
very seal to sp1 image and remaining is more dissimilar. Sp1 and sp2 are having high 
bigotry because emotions are diverse and wearing spectacles in sp1. The proposed 
method gives more than 85% accuracy for any emotional face images than gradient 
faces and other traditional methods.  

 
Fig 1: input images (1

st
 row), gradient faces (2

nd
 row), proposed method (3

rd
 row) 
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 Fig 2: input images (1

st
 row), gradient faces (2

nd
 row), proposed method (3

rd
 

row)        

 

 
Fig3: input images (1

st
 row), gradient faces (2

nd
 row), proposed method (3

rd
 row) 

 
5. Conclusions 
The Gradient face method is a computer vision application for face recognition 

under varying lighting. This technique transforms image into the gradient domain 
first, then an illumination insensitive measure Gradient faces is extracted for 
recognizing. The work depends on the widely accepted assumption that illumination 
in reflectance model might be approximately smooth. This method works better for 
uneven illumination and elimination of shadow of the images but fails to extract more 

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 12, Number 1 (2017) 
                                          © Research India Publications.  http://www.ripublication.com 

91



features from the face this is the reason not to produce accurate results and matching 
emotions. To overcome this drawback a new method is proposed. The Proposed 
technique permits automatic recognition of basic features and precisely measures. By 
integrating FCM and PCA on GLCM feature vectors extracted from the images and 
classify the face features are automatically. The technique is approved by utilizing 
computer-simulated database samples and truthful face images. The test illustration 
has different features, appearance, and types. All face features of the tested image 
database samples are successfully recognized. The processed table of values and 
graphs are consistent with the manual perception.  
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