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Abstract 
Face recognition is identifying a person based on facial characteristics. Automated face recognition is identifying a given query 
face called probe from a target population known as gallery. The face recognition algorithms perform well when the interpersonal 
images have more discriminating features than intra personal images. The changes in the face bring down the similarity of the 
intrapersonal images.  The variations in the face can be due to pose, expression, illumination changes and aging of a person. 
Face recognition accuracy is largely influenced by the age related changes in face. Aging effects on face are not uniform and 
depends on both intrinsic as well as external factors like geographic location, race, and food habits etc. The facial changes are 
exclusive for each person in spite of aging being an apparent phenomenon among all individuals. Hence there are many 
challenges lie in compensating age related variations.In this paper we concentrate on local features of the face which are 
relatively stable with respect to aging. We compute the local binary pattern of the various facial regions and recognize the query 
image based on the similarity of the local binary pattern histograms. The recognition rate is improved by giving weightage to the 
features which are stable across aging. 
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1. INTRODUCTION 
Face recognition is an important biometric technique which does not require the cooperation of the individual. This 
characteristic of face recognition makes it different from other biometric techniques like fingerprint, iris, and hand 
geometry where the person to be recognized/identified must input his features to the recognition system. Thus face 
recognition can be used as a biometric in case of tracing criminals law enforcement techniques, multiple enrollments etc. 
The accuracy of face recognition is the major research challenge and it is diminished by the factors like illumination 
variation, different poses, and facial expressions and aging. The appearance changes of a face are attributed to shape (e.g. 
weight loss/gain) and texture changes (e.g. wrinkles, scar etc.), as age progresses. Besides biological factors, factors such 
as ethnicity, lifestyle etc. and external factors such as eyeglasses, facial hair, pose and expression changes, etc. often 
contribute to the physical changes of the face [1]. 
 Facial aging is a complex process that affects both the shape and texture (e.g., skin tone or wrinkles) of a face. This 
aging process also appears in different manifestations in different age groups. While facial aging is mostly represented by 
facial growth in younger age groups (e.g., _18 years old), it is mostly represented by relatively large texture changes and 
minor shape changes (e.g. due to change of weight or stiffness of skin) in older age groups (e.g., >18). Therefore, an age 
correction scheme needs to be able to compensate for both types of aging processes [2]. 
Permanence of biometric features for face verification remains a largely open research problem. In particular, aging 
changes person’s physique at a slow rate, although irreversibly. It is therefore likely that individual face models created at 
some point in time may become less relevant or even obsolete as the time passes. For this reason, it is of prime 
importance to understand and quantify the temporal reliability of face biometric features and models, and consequently of 
the face verification systems. Nowadays, digital face images are becoming prevalent in government issued travel and 
identity documents (e.g., biometric e-passports and national identity cards). The non-intrusiveness characteristic of face 
biometric often compensates for its relatively low accuracy. As a result, a number of critical security and forensic 
applications require automatic verification capability based on facial images. Developing face verification systems that are 
robust to age progression would enable the successful deployment of face verification systems in those large-scale 
applications [3]. Modelling face aging is still a quite challenging task for some specific reasons, e.g., complex aging 
mechanisms, lack of training data, and the intrinsic uncertainty of aging [4]. Figure 1 shows facial variation of an 
individual due to aging effects. 

 
Figure 1 Images of a person taken at different ages- FG-NET Database[17] 

 
The work proposed in this paper concentrates on local feature based face representation to recognize a person irrespective 
of the age. We have constructed histogram of the local binary pattern at different parts of the face like eye region, nose 
and mouth regions. The similarities of the histograms of the regions are measured to determine the region’s stability 
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across aging. Our recognition method relies on the fusion of features based on the stability criteria of the different regions 
of the face with respect to aging. This paper is organized in 5 Sections. Section 2 presents related work carried out in 
compensating for the aging effects in face recognition by using global and local representations of face .Section 3 
discusses the proposed algorithm. Experimental results are shown in section 4and conclusion and future works are 
discussed in Section 5. 
 
2.  RELATED WORK 
This section deals with the earlier works carried out for compensating the aging effects in face recognition. Machine 
recognition of human face is an active and fast growing area of research due to a wide variety of commercial and law-
enforcement applications including access control, security monitoring and video surveillance. The face recognition 
accuracy decreases because of the aging effects on face. Unlike other variations like illumination conditions and 
viewpoint there is no simple statistical model to analyze appearance due to aging. Changes in facial appearance due to 
aging depend on a quiet a few factors like race, geographical location, stress level, eating habits etc. that makes matching 
faces across aging very difficult [5]. The face representation plays an important role in face recognition. As in any pattern 
classification task, feature extraction plays a key role in face recognition process. In feature extraction stage, a proper face 
representation is chosen to make the subsequent face processing not only computationally feasible but also robust to 
possible intrinsic and extrinsic facial variations [6]. 
The representations of face fall into two categories: global-based and local-based.In the global-based face representation, 
each dimension of the feature vector contains the information embodied in every part (even each pixel) of the face image, 
thus corresponds to some holistic characteristic of the face. In contrast, for the local-based face representation, each 
dimension of the feature vector corresponds to merely certain local region in the face, thus only encodes the detailed traits 
within this specific area [6]. 
A great number of subspace-based methods and some spatial-frequency techniques constitute global based methods. 
Subspace-based methods, such as principal component analysis (PCA) [7], Fisher’s linear discriminant (FLD) [8] and 
independent component analysis (ICA) [9], have been widely recognized as the dominant and successful face 
representation methods. These methods attempt to find a set of basis images from a training set and represent any face as 
a linear combination of these basis images. 
Many researchers also propose to extract facial features by using spatial-frequency techniques, such as Fourier transform 
[10] and discrete cosine transform (DCT) [11]. In these methods, face images are transformed to the frequency domain 
and only the coefficients in the low-frequency band are reserved for face representation. The frequency based methods are 
computationally faster as they do not require a training process. 
The face recognition systems based on local features are believed more robust to the variations of facial expression, 
illumination and occlusion etc. [6].The local features are suitable for face representation as preserving the spatial 
relationship among face features is essential for face recognition. The local features are suitable for face representation as 
preserving the spatial relationship among face features is essential for face recognition. There are a few works to 
compensate for the aging effects of face recognition system based on local feature representation of the face.  
In the frame work of [12], each face is represented by designing a densely sampled local feature description scheme, in 
which scale invariant feature transform (SIFT) and multi-scale local binary patterns (MLBP) serve as the local 
descriptors. By densely sampling the two kinds of local descriptors from the entire facial image, sufficient discriminatory 
information, including the distribution of the edge direction in the face image (that is expected to be age invariant) can be 
extracted for further analysis. Since both SIFT-based local features and MLBP-based local features span a high-
dimensional feature space, to avoid the over fitting problem, an algorithm is developed, called multi-feature discriminant 
analysis (MFDA) to process these two local feature spaces in a unified framework. 
A hierarchical local binary pattern (HLBP) feature descriptor is used for robust face representation across age. The 
effective representation by HLBP across minimal age, illumination, and expression variations combined with its 
hierarchical computation provides a discriminative representation of the face image. The proposed face descriptor is 
combined with an AdaBoost classification framework to model the face verification task as a two-class problem. HLBP 
for each image is constructed by computing the uniform LBP at every level of the image pyramid and concatenating them 
together to form the HLBP descriptor. In order to establish similarity (or dissimilarity in case of extra- personal pairs) 
between two age separated images, it is important to extract age invariant texture patterns from both the images. A dense 
sampling using LBP local descriptors allows the extraction of discriminatory information such as the distribution of the 
edge direction in the face image which is an age invariant feature [1]. 
 
3. AGE INVARIANT FACE RECOGNITION BASED ON PROPOSED LOCAL AND GLOBAL FEATURE BASED 
METHODS 
Aging variation is a type of intra individual appearance variation in human faces. The process of aging causes significant 
alterations in the appearance and anatomy of human faces resulting in the overall metamorphosis of a human face to a 
completely different face [13]. 
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3.1 Self- PCA 
We have adopted an approach known as the Self-PCA[14]   which uses global face representation[15] . The PCA 
constructs the face space of lower dimension from high dimensional training images. The Eigen vectors of the covariance 
matrix of the input training images form the basis vectors of the face space. These Eigen vectors are in the direction of 
largest variations between the training images .Each training face image is projected on the face space and expressed in 
terms of the Eigen face coefficients. In case of face recognition, any unseen face image is projected on the face space and 
is recognized as one of the training images with minimum construction error. The PCA constructs the Eigen space based 
on the difference between average of all the training images and each training image. The approach works well when a 
face is to be matched with images of different persons. 
   In case of age invariant face recognition the training image set consists of age progressed images of the same person 
and the Eigen vectors should be in the direction of the variations in between the images of the same person. Thus Eigen 
vectors calculated convey variations due to aging. We have adopted an approach known as Self-PCA in our recognition 
model which is variation of   PCA that recognizes the face despite the presence of aging effects. The aging effects seen on 
the face vary from person to person and are unique to each person.  
Thus creation of the Eigen space is carried out at the individual level. The self-PCA varies from conventional PCA with 
respect to the training phase as well as the testing phase. In the training phase the Eigen face space is created for each 
individual in the database. The training images are the age separated images of the same person. During testing phase the 
image to be recognized is projected to Eigen spaces of different persons created in the training phase. The Eigen space 
with minimum construction error is recognized as the Person matching with the test image [15]. 
Training Phase of the self-PCA algorithm: For each person ‘j’ in the database, 
For each person ‘j’ in the database, 
1. The ‘M’ age separated training images of size N x N pixels of person ‘j’ are converted to N2 x 1 size vector. Let these 
vectors be I1,j, I2,j …. IM,j 
The mean face vector of the person is calculated using (1). 
2. The mean face vector of the person is calculated using (1). 
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3. Subtract the mean face from the face vectors of   person ‘j’, jjiji mI  ,, . 

4. The Eigen vectors and Eigen values of the covariance matrix j
T
jj AAC   are calculated, where  

 The Eigen vectors ordered by sorting Eigen Values and the Eigen space is the matrix jV consisting of Eigen vectors as 
columns for each person j. The difference face vectors are projected onto the Eigen space jV  of person ‘j’. 
 
Testing Phase of the proposed algorithm:  
 A. For each person’s Eigen space jV    created in the training phase 

1. The test image is converted into a N2 x 1 size vector and projected into the Eigen space jV  of   person ‘ j’.  
2.  The Euclidian distance between projected test image P and the projected training images T of each person is 

calculated  where P=[ p1   p2  p3….pn] ,T=[ t1   t2  t3….tn] 
 B. The image with the minimum distance is the matched image. 

 
3.2 Stable feature Selection Algorithm 
We humans are good at recognizing a person irrespective of his age. In this study we are concentrating on facial features 
which are stable across the lifespan of a person. The stable features across age can be used as a template for face 
recognition. The various facial features like eyes, nose etc. show changes to variable extents due to aging. Some of the 
facial features are prominent throughout the life of a person and vary very less with respect to aging. In this work we are 
assigning weights based on the stability of the feature in the whole face as we assume that different regions of the face 
change non- uniformly with respect to aging. 
1. The face image is normalized in terms of geometry and size by using the eye center coordinates. The image is then 
cropped to a standard size 0f 128x100 pixels. 
2. The face image is divided into 3 regions namely eye region ,nose region and mouth region as shown in figure 2 
3. Local Binary Pattern (LBP) operator is applied to each region.   
4. The Chi-square distance of the histograms of the face images to be compared is computed for all the three regions 
using equation (2). 
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5. The stable feature is one which has lower chi square distance. 
6. The weightage of the region assigned is inversely proportional to the chi square distance. 

 
Figure 2 a)Images Normalized Face Image, b)Cropped eye,nose and mouth regions. 

 
Local Binary Pattern (LBP) operator proposed by  [16] is used for texture description. The operator labels the pixels of an 
image by thresholding   the n×n neighbourhood of each pixel with the value of the center pixel and considering the result 
value as a binary number. Figure 3 shows an example of the basic LBP operator. The calculation of the LBP labels can be 
easily done in a single scan of the image. The histogram of the labels of the pixels of the image can be used as a texture 
descriptor. The gray-scale invariance is achieved by considering a local neighborhood for each pixel and by considering 
just the sign of the differences in the pixel values instead of their exact value. 

 
Figure 3 LBP Operator 

 
The basic LBP operator was then extended to consider circular neighbourhood of different radii and sampling points for 
labeling the pixel. 
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 circular. For example, the patterns 00000000 (0 transitions),01110000 (2 
transitions) and 11001111 (2 transitions) are uniform.The equations (3) and (4) are used to compute circular LBP with P 
sampling points and radius R. In our experiment we have used LBP histogram in (8,1) neighborhood using uniform 
patterns. 
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4. EXPERIMENTAL RESULTS 
We conducted the experiments on the images of the FG-NET Database[17]. FG-NET database [17] contains 1,002 
uncontrolled images from 82 subjects (ages from 0 to 69) with pose and illumination variations. 
The face images from the FG-NET database [17] are normalized using eye center coordinates. The face image is cropped 
to size 128x100 pixels. The cropped face is divided horizontally into 3 regions considering eye, nose and mouth regions 
of size 120x40 pixels. The gallery images include images of the different persons as well as age separated images of the 
same person to consider interpersonal variations and intrapersonal variations due to aging. The probe image to be 
compared with the images in the gallery is not included in the set consisting of gallery images. In our experiment the 
gallery images consists of   images of 10 different persons and 5-6 age progressed images of each person. The 2 images to 
be compared are cropped and the cropped face images are divided into three facial regions considering eye, nose and 
mouth regions .The LBP operator is applied to each region of the 2 images to be compared. The similarity of the LBP 
histogram of each region of the 2 images is computed using chi square distance. The region with minimum chi square 
distance is considered as more stable. The weights are assigned to each region represents the similarity of the region with 
respect to the compared images. The three regions are combined using weighted sum rule. 
Experiment 1: The gallery images  consist of images of a single person taken at different times. The test image to be 
compared is the image of the same person not included in the gallery. The Chi square distance obtained is shown in Table 
1. The P1, P2 and P3 represent gallery images consisting of age progressed images of a person. The test image is the 
image of the same person   not equal to the gallery images. The chi square distance of the eye region is minimum and is 
underlined entry in table 1.          
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Table 1: Chi square Distances obtained. 
Region/Person  P1 P2 P3 
Eye 61.49684 73.27431 194.0045 
Nose 100.8202 110.4638 288.2344 

Mouth 109.5027 233.2026 236.9795 

 
Experiment 2:  The gallery images consist of images of different persons taken at different times. The similarity between 
the images  are found by combining weighted chi square distances of the three regions. The weight WR of region R is 
assigned in such a way that the minimum chi square distance region is given more weightage and  sum of weights of all 
the regions is equal to1.The recognition rates obtained are compared with the equal-weighted regions. The recognition 
rate improves by 10%. 

 
Figure 4 a)  Probe Image  b)Matched gallery image by considering different weights c) Matched gallery image by 

considering different weights 
 
5. CONCLUSION 
Our approach concentrates on analyzing the invariance of facial features of a person with respect to aging. The age 
invariant face recognition accuracy is improved by considering the relative stability of the feature. We have analyzed the 
feature stability at the individual level to reflect the distinctiveness of facial feature variation with respect to aging. We 
intend to test the model on large database. In future we are planning to calculate the weights using statistical methods and 
combine global and local feature based methods. 
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