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Abstract 
Robust face recognition system in uncontrolled environment is still a major challenge. Face Recognition remains an 
unsolved problem in general due to illumination variation and pose variation in the given input face image. Finding 
efficient facial features to represent the face appearance is the most critical aspect in face recognition. In this paper we 
propose a Support Vector machines (SVM)-based face recognition system. Here we used local binary pattern features 
describing face images. We extract the local facial features those are insensitive to the illumination variation from the 
face image. The feature vector based on LBP is used as the input to the SVM classifier for training and testing purpose. 
The system has been evaluated on Yale face database-B. It is computationally simple and consumes less memory. The 
results show that this method is the fastest one, having approximately 100% recognition rate. 
Keywords: Support Vector Machines, Local Binary Patterns, etc. 

1. Introduction 

The design of an automatic face recognition system has so many challenges. Variable illumination is one of 
the most important problems in face recognition. Lighting conditions not only change largely between 
indoor and outdoor environment, but also within indoor environment. Thus, due to the 3D shape of human 
faces, a direct lighting source can produce strong shadows that accentuate or diminish certain facial 
features. Moreover, extreme lighting can produce too dark or too intense bright images, which can disturb 
the face recognition process. In a face image, changes due to illumination are generally greater than the 
differences between individuals. This makes it necessary to take into account the illumination in order to 
make the system reliable in less constrained situations. 
 
Many methods have been proposed [1] [4] [5] [6] [7] to compensate illumination variations for face 
recognition, which are based on different ideas. One way to make face recognition invariant to illumination 
changes is to process the images prior to the classifier stage. This process, called illumination 
normalization, attempts to transform an image with an arbitrary illumination condition to a standard 
illumination invariant one. One approach is using local binary patterns, which is very robust in terms of 
gray scale variations, because here the operator is invariant against any monotonic transformation of the 
gray scale. 
 
Over the past decade, face recognition has emerged as an active research area in computer vision with 
numerous potential applications including biometrics, surveillance, human–computer interaction, video-
mediated communication, and content-based access of images and video databases. As real-world 
applications for face recognition systems continue to increase, the need for an accurate, easily trainable 
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recognition system becomes more pressing. Current systems [1] [8] have advanced to be fairly accurate in 
recognition under constrained scenarios, but extrinsic imaging parameters like pose, illumination, and facial 
expression still cause much difficulty in accurate recognition. 
 
There has been a lot of research on face recognition over the past few years. They have dealt with different 
aspects of face recognition. Many algorithms have been proposed to recognize faces beyond variations in 
viewpoint, pose, illumination and expression. This leads to increase in sophisticated techniques for face 
recognition and has further enhanced the literature on pattern classification. In this paper, we study face 
recognition as a pattern classification problem. We will use the Support Vector Machine for classification. 
Support Vector machines (SVMs) have been proposed as a new kinds of feed forward learning network [9] 
for bipartite pattern recognition. The goal of the SVM is to maximize the margin between the vectors of 
class 1 and class 2. 
 
Intuitively, given a set of points belonging to two classes, SVM finds the hyperplane that separates the 
largest possible fraction of points of the same class on the same side, while maximizes the distance from 
either class to the hyperplane. According to Vapnik [10], this hyperplane is called optimal separating 
hyperplane (OSH) which minimizes the risk of misclassifying not only the examples in the training set (i.e. 
training errors), but also the unseen examples of the test set (i.e. generalization errors). The SVM is 
essentially developed to solve a two-class pattern recognition problem. 
 
The paper is organized as follows. Section 2 describes the background containing study of Local binary 
patterns for Illumination Normalization as well as feature extraction and support vector machines for 
classifying face images. In section 3 the results of the experiments are analyzed. The final section includes 
the conclusions drawn after investigations.  

2. Background 

In the Preprocessing steps, first we had created 2 databases of images- first is having all images with 
different pose and illuminations of single person and second is containing images of different people and 
not the one in first database. After creating the databases, all these images are normalized with respect to 
their illumination changes using Local binary patterns (LBP) and also the features are extracted for training 
SVM.  
 

2.1 Local Binary Patterns (LBP) 

The local binary pattern is a simple yet very efficient texture operator which labels the pixels of an image 
by thresholding the neighborhood of each pixel and considers the result as a binary number. The LBP 
method is seen as a unifying approach to the traditionally divergent statistical and structural models of 
texture analysis. The most important property of the LBP operator in real-world applications is its 
invariance against monotonic gray level changes caused, e.g., by Changing illuminating conditions. 
Another equally important property is its computational simplicity, which makes it possible to analyze 
images in challenging real-time settings. 
 
The local normalization methods have the output which is not necessarily realistic. In the problem at hand 
the objective is not to have a realistic image but to obtain a representation of the face that is invariant to 
illumination, while keeping the facial information necessary to allow a discriminative recognition of the 
subjects. With this idea in mind, it makes sense to use local illumination normalization methods this type of 
application. One of the best methods used under local normalization is Local Binary Pattern (LBP). 
The LBP operator [3] [4] is one of the best performing texture descriptors and it has been widely used in so 
many applications. The idea of using LBP for face description is motivated by the fact that faces can be 
seen as a composition of micro-patterns which are well described by such operator. The operator assigns a 
label to every pixel of an image by thresholding the 3x3-neighborhood of each pixel with the centre pixel 
value and considering the result as a binary number. The histogram of these labels can be used as a texture 
descriptor. See Fig 2 for an illustration of the basic LBP operator. The LBP operator takes the form 
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LBP(Xc,Yc)=                      --- (2) 
 
where in this case n denotes the 8 neighbors of the central pixel c, ic and  in are gray level values at c and n 
s(u)=1 if u ≥0 and 0 otherwise. 

 
Fig. 1  Basic LBP operator. 

 
Two extensions of the original operator were made in [3]. The first defined LBPs for neighborhoods of 
different sizes (8 or 16), thus making it feasible to deal with textures at different scales. The second defined 
is the so-called uniform patterns:- A local binary pattern is called uniform if the binary pattern contains at 
most two bitwise transitions from 0 to 1 or vice versa when the bit pattern is considered circularly 
clockwise or anticlockwise. For example, the patterns 00000000 (0 transitions), 01111000 (2 transitions) 
and 11000111 (2 transitions) are said to be uniform whereas the patterns 11001001 (4 transitions) and 
01010111 (6 transitions) are not. While computing the LBP histogram, mostly uniform patterns are used so 
that the histogram has a separate bin for every uniform pattern and all non-uniform patterns are assigned to 
a single bin. Uniformity is important because it characterizes the patches that contain primitive structural 
information such as edges and corners. [3] Ojala et al. observed that although only 58 of the 256 8-bit 
patterns are uniform, nearly 90% of all observed image neighborhoods are uniform and many of the 
remaining ones contain essentially noise. Thus, after plotting histograms of LBPs the number of bins can be 
reduced significantly by assigning all non uniform patterns to a single bin, typically without losing much 
information. 
 
The facial image is divided into local regions and texture descriptors are extracted from each region 
independently. The histograms of the descriptors are then concatenated to form a global description of the 
face. See Fig 4 for an example of a face image divided into rectangular regions. 

 

 
Fig. 2 Facial image divided into 3x3, 5x5 and 7x7 Rectangular Region 

 
The basic histogram can be extended into a spatially enhanced histogram which encodes both the 
appearance and the spatial relations of facial regions. As the n facial regions R0,R1….Rn-1 have been 
determined, a histogram is computed independently within each of the n regions. The resulting n 



IJRIT International Journal of Research in Information Technology, Volume 2, Issue 3, March 2014, Pg: 670-675 

Shruti Bhirud, IJRIT  673 
 

histograms are combined yielding the spatially enhanced histogram. This spatially enhanced histogram has 
size nxm where m is the length of a single LBP histogram. 
 
In the spatially enhanced histogram, we have a description of the face on three different levels of locality: 
the LBP labels for the histogram contain information about the patterns on a pixel-level, these labels are 
summed over a small region to produce information on a regional level and the regional histograms are 
concatenated to build a global description of a face. It is to be noted that when using the histogram-based 
methods, despite the examples in Fig 3, the regions R0, R1…..Rn-1, do not need to be rectangular shape. 
Neither do they need to be of the same size or shape nor they need to cover the whole image. For example, 
the regions could be circular located at the fiducial points like in the EBGM method. There is also a 
possibility to have partially overlapping regions. 

 

 
Fig. 3 Local Binary Pattern operation 

After performing LBP, the LBP features are drawn. These feature vectors are given to the SVM classifier 
for training and testing purpose. In total 59 features are extracted on a single image. The Classifier was 
trained on the previously described set of extracted facial components of the database images called feature 
vectors. Also for testing purpose, the same LBP features are extracted for the test image. 

2.2 Support Vector Machines (SVM) 

SVMs belong to the class of maximum margin classifiers. Support vector machines implement a very 
simple idea – they map pattern vectors to a high-dimensional feature space where a ‘best’ separating 
hyperplane (the maximal margin hyperplane) is constructed. They perform pattern recognition between two 
classes by finding a decision surface that has maximum distance to the closest points in the training set 
which are termed support vectors [11]. The goal of maximum margin classification is to separate the two 
classes by a hyperplane such that the distance to the support vectors is maximized. This hyperplane is 
called the optimal separating hyperplane (OSH). The decision function is fully specified by a subset of 
training samples called the support vectors. The kernel make non-separable problem separable and also it 
maps data into better representational space. 
Thus, when we give the above drawn LBP feature vectors to the linear SVM classifier, it classifies the 
training data into two sets and assigns 1 to the desired person’s images and 0 to all undesired people 
images. 
 
3. Experimental Results 
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For the experiments, we used faces from the Yale Face Database B [2]. The Yale B database contains 5760 
single light source images of 10 individuals. Each individual is seen under 576 viewing conditions: nine 
different pose and 64 different illumination conditions. Fig-5 shows the experimental results. The input 
image taken from the Yale face database B is captured in the ambient conditions shown in Fig-5(a). In this 
dark image the face of the person is not visible. So, in such an image it becomes a very difficult job for the 
face recognition system to recognize the identity of the person. After applying LBP to the original image, 
the results are shown in Fig-5(b). In this image though it appears nonrealistic but all the facial features 
become more prominent and hence it increases the recognition rate and accuracy as well. 
 

 
Fig. 4 (a) Original image (ambient condition), (c) LBP image 

 
 
For each face, the extracted values of the LBP features were combined into a single feature vector. A face 
recognition system consisting of SVM classifiers was trained on these feature vectors in a one vs. all 
approach. In other words, an SVM was trained for a subject in the database 1 to separate her/him from all 
the other subjects in database 2. To determine the identity of a person at runtime, we compared the features 
of the input image with that of the features extracted during training of the SVM classifiers. If the identity 
associated with the facial features of classifier is matched with the features of input image, then the output 
was taken to be the identity of the face. If the features of input image are not matched with the support 
feature vectors, the face in the input image was rejected by the classifier. 
 
4. Conclusions 
 
LBP features can help in dimensionality reduction. LBP featured histogram efficiently extracts facial 
features and hence LBP can be successfully used for image analysis tasks or in face recognition. SVMs 
provide a new approach to the problem of pattern recognition (together with regression estimation and 
linear operator inversion) with clear connections to the underlying statistical learning theory. It differs 
radically from comparable approaches such as neural networks. SVM training always finds a global 
minimum, and also their simple geometric interpretation provides fertile ground for further investigation.  
We noticed that the performance of the SVM critically depends on the choice of the kernel functions. We 
conclude that the SVM classifier seems to perform best but care needs to be taken to choose the best kernel 
for classification. 
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