
 

 

Abstract 
 

Face image based age categorization is an approach to 
classify face images into one of several pre-defined age-groups. 
It is challenging because the aging variation is specific to a 
given individual and is determined by not only the person’s gene, 
but also by many external factors, such as exposure, weather 
conditions (e.g. ambient humidity), health, gender, living style 
and living location. Age categorization is a multiclass problem. 
One of the AdaBoost or SVM extensions for solving the 
multiclass problem is the combination of the method of error-
correcting output codes (ECOC) with boosting using a decision 
tree based classifier or binary SVM classifier. In this paper, we 
apply this extension to solve the age categorization problem. 
Gabor and LBP aging features are extracted and combined at 
the feature level to represent the face images. Experimental 
results on FG-NET and Morph database are reported to 
demonstrate its effectiveness and robustness. The ECOC can 
achieve nearly similar results when it was combined with 
AdaBoost or SVM. However, ECOC plus AdaBoost is much 
faster than ECOC plus SVM. The results obtained using the 
fused LBP and Gabor features are better than the one when 
using either LBP or Gabor alone.  
 

1. Introduction 

Age categorization has many applications, e.g. vending 
machine can prevent the dispensing of alcoholic drinks or 
cigarette to an underage customer by finding out the 
estimated age range of the customer using a computer 
vision system. Facial aging effects display some unique 
characteristics [1]: the age progression displayed on faces 
is uncontrollable, is individual and time dependent. Such 
special characteristics of aging variation cannot be 
captured accurately due to the prolific and diversified 
information conveyed by the human faces.   
1.1 Motivation 

A human face conveys much information that we can 
easily decipher in our day-to-day communication. This 
includes the identity of a person, as well as gender, look 
direction, emotion and age. There have been many face 
recognition algorithms as well as algorithms to detect the 
gender of a person and the head pose. However, age 

estimation algorithm is still lacking. Therefore, developing 
an automated way to estimate the age of a person from the 
face image is crucial. This is a key motivation for our 
work. Such capability, when developed successfully, will 
enable many applications including automated vending, 
gaming and customization of digital signage.  

1.2 Related work 

There are several studies on automated age estimation. A 
recent survey can be found in [2]. Kwon and Lobo [3] first 
worked on the age classification problem. They referred to 
cranio-facial research, theatrical makeup, plastic surgery, 
and perception to find out the features that change with 
age. A probe gray-scale facial image can be classified into 
three age groups: babies, young adults, and senior adults. 
The proposed algorithm is computationally expensive and 
thus the system might not be suitable for real-time 
applications.  Adopting the Active Appearance Model 
(AAM) [4] approach, Lanitis et al. [5] devised a combined 
shape and intensity model to represent face images.  Age 
is modeled as a function of the vector of the face model 
parameters. The aging function is defined as linear, 
quadratic and cubic functions. Later, they [6] reported a 
quantitative evaluation of the three classifiers (quadratic 
function, shortest distance, artificial neural network) using 
a 400 images database. Gen et al. [1] proposed an aging 
pattern subspace (AGES) for estimating age from 
appearance. In order to handle incomplete data such as 
missing ages in the training sequence, the AGES method 
models a sequence of individual aging face images by 
learning a subspace representation. The age of a test face 
is determined by the projection in the subspace that can 
best reconstruct the face image. Fu et al. [7] construct a 
low-dimensional manifold from a set of age-separated face 
images and use linear and quadratic regression functions 
on the low dimensional feature vectors from the respective 
manifolds to estimate the age of a face. Adopting similarly 
approach, Guo et al. [8] proposed an age manifold 
learning scheme for extracting face aging features and 
design a locally adjusted robust regressor for learning and 
prediction of human age. Ramanathan et al. [9] proposed a 
craniofacial growth model that takes into account both 
psychophysical evidences on how humans perceive age 
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progression in faces and anthropometric evidences on 
facial growth. The proposed model is used to predict a 
person’s appearance across age and to improve face 
recognition results across age. Yan et al. also dealt with 
the age uncertainty by formulating a semi-definite 
programming problem [10] or an EM-based algorithm 
[11].  By boosting Local Binary Pattern (LBP) [12] 
features, Yang et al. [13] identified a sequence of local 
features which when combined into a strong classifier 
performs the task of age classification successfully. 
    Most of the conventional methods for age estimation are 
intended for accurate estimation of the actual age. 
However, it is difficult to accurately estimate an actual age 
from a face image because age progression is specific-
dependent and the aging subspace is obtained based on a 
largely incomplete database. Fortunately, for some 
applications, it is not necessary to obtain the precise 
estimates of the actual age. Therefore, in this paper, we 
pay attention to the mechanism of human age perception, 
i.e. we limit the estimation to a few age ranges. Subspace 
approaches mentioned-above [1] concentrated on 
designing a set of optimal features and then applying 
standard machine-learning algorithms. In fact, some recent 
advances in machine learning can be applied to improve 
the estimation performance. Multiclass learning with 
error-correcting output codes (ECOC) [14, 15, 16] is an 
example. ECOC is initially developed for channel coding. 
The basic idea is to allocate additional bits over and above 
the bits required to code the source message in order to 
provide error correcting capability. ECOC is a robust 
method to convert a multi-class learning problem to a 
sequence of two-class problems. Kittler et al. [17] 
proposed a two stage solution to apply the ECOC to face 
verification which is a two-class problem. Boosting is a 
general method of deriving a strong classifier from a set of 
weak classifiers. The combination of AdaBoost and ECOC 
has been verified to be a fast and robust face recognition 
method with high accuracy [18]. This motivated us to 
investigate the boosting ECOC for age categorization. 
Multi-class boosting algorithms based on error correcting 
codes [16, 15, 14] tackle the error correlation among the 
base classifiers by deliberately re-weighting the training 
examples. They usually start off with an empty coding 
matrix and all classes indistinguishable from others, then 
iteratively append columns to the matrix and train the base 
classifiers so that the confusion between classes can be 
gradually reduced. The examples are re-weighted in a 
fashion similar to the weighting scheme in the binary 
AdaBoost [19], aiming at uncorrelated errors. Support 
Vector Machine (SVM) is an alternative binary classifier 
which can be combined with ECOC to do age 
categorization.   
1.3 Proposed method 

This paper presents a method of combining ECOC with 
boosting or SVM for visual age classification from facial 

images. In order to improve the accuracy, Gabor and 
Local Binary Pattern (LBP) features are fused at the 
feature level to represent the face images. The proposed 
age classification is then used to classify input images into 
one of four age-groups: children (0-11), teen age (12-21), 
adult (22-60) and senior adult (61 and above).  
    Although pattern subspace methods have been 
proposed for age estimation, our proposed method is 
significantly faster and requires less programming effort 
to create the base learning algorithm. Our method has 
advantages of both boosting/SVM and ECOC. Similar to 
ECOC, it only requires that the base learning algorithm 
work on binary-labeled data. Similar to boosting, our 
method comes with strong theoretical guarantees on the 
training and generalization error of the final combined 
hypothesis assuming only that each of the base classifiers 
perform slightly better than random guess.    

2. ECOC and binary classifier  

Many machine learning research have been reported on 
binary classification problems, such as face detection. A 
straightforward solution to a multi-class classification 
problem, e.g. age classification, with more than two 
different class labels, is to reformulate it as a collection of 
binary problems. Error-correcting output coding (ECOC) 
[14] is one of the methods for decomposing a multi-class 
problem into many two-class problems, and then 
combining the results of the subtask into a hypothesized 
solution to the original problem. The original motivation 
for encoding multiple classifiers using an error-correcting 
code is based on the idea of modelling the prediction task 
as a communication problem, in which class information 
is transmitted over a channel [14]. Errors introduced into 
the process arise from various aspects of the learning 
algorithm, including features selected and finite training 
sample. The error-correcting theory [15] has shown that a 
matrix designed to have d hits error-correcting capability 
implies that there is a minimum Hamming Distance 2d+1 
between any pair of code words. Assuming each bit is 
transmitted independently, it is then possible to correct a 
received pattern having fewer than d bits in error, by 
assigning the pattern to the code word closest in Hamming 
distance. Design of optimal codes has been discussed by 
Windeatt and Ghaderi in [20]. We will briefly explain the 
mathematical details in the following section. 

2.1 ECOC 

In the ECOC method, a binary codeword matrix Mk×T has 
one row (codeword) for each of k classes, where T is the 
length of the codeword. Each column defines a binary 
partition of K classes over data from which a binary 
classifier is trained. After T training steps, it produces T 
classifiers h1, h2, …, hT.  A given sample is classified by 
choosing the class whose associated codeword is the  



 

 

closest in Hamming distance to the sequence of the 
predictions generated by h1, h2, …, hT.  

2.2 AdaBoost 

AdaBoost was first introduced by Freund and Schapire 
[19]. It is a popular algorithm that has been shown to work 
very well for two-class problems. In each round t, a 
training set with a new distribution D, that depends on the 
performance of the base classifiers derived at the (t -1) 
round,  is provided. The error of each classifier is 
measured with respect to D and is used to calculate the 
weight for each training example in D. In round t, if the 
example is correctly classified by the base classifier, its 
weight is decreased. These weights are used either in re-
sampling or in re-weighting. Consequently, those 
repeatedly misclassified patterns have their weights 
increased, and the sequentially generated classifiers are 
forced to concentrate on these difficult patterns.  

2.3 Boosting ECOC codes 

AdaBoost has been extended to solve the multi-class 
problem, e.g.  AdaBoost.M1, AdaBoost.M2 and 
AdaBoost.MH [19] and AdaBoost.OC [16]. In this paper, 
we propose an extension in which AdaBoost is merged 
with ECOC to solve multi-class problems, called 
AdaBoost.ECC in [15]. Some variants of the 
AdaBoost.ECC can be found in [21, 22]. 
    Let M be the coding matrix. Given an unseen data x, an 
ECOC classifier will generate an ensemble output H(x) = 
(h1(x), ... , hT(x)) from T binary classifiers. The Hamming 
distance between H(x) and M(l, ·), the l-th row of M, is 
defined as 
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i.e. if x is classified as y, Δ(M(y),H(x)) must be smaller 
than Δ(M(l),H(x)) for any yl ≠ .  
A margin is defined to measure an example (x, y) for class 
l,                                
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The goal of using a machine learning method here is to 
maximize the class margin of the training examples. 
Assuming we have N training samples, AdaBoost.ECC 
[15] tries to optimize the exponential objective function   
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Given a coding matrix M, AdaBoost.ECC minimizes the 
objective function using the negative gradient method. The 
negative gradient method can be reduced to 
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where Ut and Dt(i) are defined in Figure 1 and tε  is the 
error rate of classifier ht. AdaBoost.ECC tries to maximize 
the negative gradient. Then objective function OM(H) can 
be minimized along the negative gradient. 
 

 
 
Fig. 1. The pseudo code of the AdaBoost.ECC  
 
2.4 Combining ECOC and SVM 

 
SVM is originally designed for binary classification, and 
its target is to find an optimal separating hyperplane w, 
which can minimize the number of errors made on the 
training set while simultaneously maximizing the margin 
between the individual classes. When ECOC is combined 
with support vector machine, each column of ECOC is 
corresponding to a SVM, that is, a SVM is constructed for 
each column via the training data of classes labeled “0” 
against the training data of classes labeled “1” during 
training. The training algorithm of the proposed method is 
given in Fig. 2. 

To classify a new example X, the T classifier are 
evaluated on X to obtain a binary sequence 
Xb∈{xb1,xb2,...,xbT}. The distance of Xb to each of T 
codewords are computed the class of X corresponding to 
the class of the nearest codeword.  

Input: A training set N
iii yx 1)},{( = : xi∈X, yi∈Y, |Y|=k; 

length of codeword T 
Initialize: 
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Fig. 2. Combination of ECOC and SVM  

3. Aging feature extraction 
3.1 Gabor feature 
The Gabor feature is an effective representation for face 
image analysis. Several works [23] have also shown that 
the Gabor wavelet representation of face images is robust 
against variations due to illumination and facial expression 
changes. In this paper, Gabor wavelet features at five scale 
and eight orientations are extracted to represent the faces. 
The complete set of Gabor wavelet representations of the 
image I(z) is  
G(I) = { )(, zO vu : u∈{0...7}, v∈{0...4}, z=(x, y)}     (6)  
where  
                 )(, zO vu   = I(z) )(, zvuϕ                              (7)  

is the Gabor feature,  )(, zvuϕ  is Gabor kernel, u and v 
define the orientation and scale of the Gabor kernel and    
“ ” represent the convolution operation. The resulting 
features for each orientation, scale and position are 
concatenated pixel by pixel to form the aging feature 
vector of the image.  
3.2. Local Binary Pattern  
The original Local Binary Pattern (LBP) operator [12] 
labels the pixels of an image by thresholding the 3×3 
neighborhood of each pixel in, n = 0, 1, .., 7 with the 
center value ic and considering the result as a binary 
number  
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which characterizes the spatial structure of the local 
image texture. S(x) is 1 if x≥0 and 0 otherwise. 
    A local binary pattern is called uniform if it contains at 
most two bitwise transitions from 0 to 1 or vice versa 

when the binary string is considered circular. Recently, 
Ahonen et al. [24] proposed a Local Binary Pattern 
Histogram Fourier features (LBP-HF) which is a rotation 
invariant image descriptor based on uniform Local Binary 
Patterns [12].  Unlike the earlier local rotation invariant 
features, the LBP-HF descriptor is formed by first 
computing a non-invariant LBP histogram over the whole 
region and then constructing rotationally invariant features 
from the histogram. This means that rotation invariance is 
attained globally, and the features are thus invariant to 
rotations of the whole input signal but they still retain 
information about relative distribution of different 
orientations of uniform local binary patterns. In this paper, 
we adopt the LBP-HF to extract facial features.   Let us 
denote a specific uniform LBP pattern by UP (n, r). The 
pair (n, r) specifies a uniform pattern so that n is the 
number of 1-bits in the pattern and r is the rotation of the 
pattern. 
    The rotation invariant LBP is defined as 
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 where H(n, ) be the DFT of nth row of the histogram 
hI(UP (n, r)), i.e. 
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and ),( 2 unH denotes the complex conjugate of H(n2, u). 
A face image is divided into small regions from which 
LBP histograms are extracted and concatenated into a 
single, spatially enhanced feature histogram. The 
histogram provides an effective description of the face on 
two different levels of localisation: the labels for the 
histogram contain information about the patterns at the 
pixel level while the labels summed over a small region 
provide information at the regional level. 

3.3 Feature fusion  

The research in multimodal biometrics fusion has revealed 
that a robust recognition system requires fusion of 
different kind of appearance information. The fusion can 
be done at the feature level, matching score level or 
decision level with different fusion models. In general, the 
performance by feature-level fusion can give better results 
than the other two schemes. Most of the existing studies 
on multi-modal fusion focused on combining the outputs 
of multiple classifiers at the decision level. In this paper, 
the Gabor and LBP features are fused at the feature level. 
This can be done by concatenating the normalized Gabor 
and LBP features to represent the face image. The Gabor 
and LBP features are normalized by the standard 
deviations of the two features respectively. LBP encodes 
the fine details of facial appearance and texture while the 
Gabor features encode facial shape and appearance 
information over a range of coarser scales. Both 

Input: A training set X=[X1, X2,…Xn]T, 
Y=[Y1,Y2,…Yn]T, where X(i) is the ith train sample, 
one example per row in X, and Y(I) is the class 
label for X(I,:), Y(I) is a number in the range 
1...NET.NCLASSES A testing set; an error 
correcting output code; length of codeword T 
 
Initialize: Create a Support Vector Machine 
classifier with rbf kernel 
 
For t=1:T 
   the tth bit learner is trained given training data X  
with class labels Y.  
End 
Output: T SVM classifiers 



 

 

representations are rich in information and 
computationally efficient. Their complementary nature 
makes them good candidates for fusion [25].  
    We face the memory problem when we apply 
ECOC_SVM to the fused LBP and Gabor features. This is 
a common problem when applying SVM to the feature 
level fused features [25]. Hence, a dimension reduction 
process is necessary. In this paper, PCA is adopted to 
reduce the dimension of the LBP and Gabor features 
respectively before concatenating them into a single 
vector. However, no such problem is encountered in the 
ECOC_AdaBoost because the feature is selected by 
AdaBoost. In that case, the features are concatenated into 
a vector directly and then ECOC_AdaBoost is applied to 
the fused feature directly. 

4. Experiments on face database 
The FG-NET [26] and Morph [27] databases have been 
made available for research in areas related to age-
progression. The FG-NET database contains 1,002 face 
images from 82 subjects, with approximately 10 images 
per subject. In the MORPH database, there are 1,724 face 
images from 515 subjects. Each subject has around 3 
aging images. For our study, we define four age groups: 
children, teen age, adult and senior adult. The age ranges 
of the four groups are 0-11, 12-21, 22-60 and 61 and 
above respectively. We used a database which includes the 
face images from both the FG-NET and Morph aging 
databases since we need a database which has enough face 
images for each age range mentioned-above.  We 
manually group the face images into four classes defined 
above according to their ground truth. In doing so, we 
have a total of 2726 images. We adopt the Viola-Jone’s 
face detector [28] to detect the face and all faces are then 
geometrically normalized to 88×88 image. Some samples 
in the four age ranges are shown in Fig. 3 to Fig. 6 
respectively. Hence, the dimension of the Gabor 
representation is 309760 (88×88×40). In order to reduce 
the dimension of the feature vector, 16 times down 
sampling of the Gabor features is adopted, so the reduced 
dimension is 19360.  Like the Gabor feature, the LBP 
descriptor is usually high dimensional. In this paper, the 
88×88 image is divided into 8×8 blocks and the 
histograms of these 121 histograms are concatenated into a 
vector to represent the image. Hence the dimension is 
7139 (121 patches with 59 entries/patch). 
    In our experiments, the base classifiers in GML 
AdaBoost Matlab Toolbox and OSU SVM Toolbox for 
MATLAB are used. The evaluation framework for the 
combined aging database is the Leave-One-Person-Out 
(LOPO) mode, i.e., in each fold, the images of one person 
are used as the test set and those of the others are used as 
the training set. After 597 folds, each subject has been 
used as test set once, and the final results are calculated 
based on all the estimations. In this way, the algorithms 

are tested in the case similar to real applications, i.e., the 
subject for whom the algorithms attempt to estimate 
his/her age is not seen in the training set. The average 
classification rates of SVM with ECOC and AdaBoost 
with ECOC and using various features are listed in Table 
1. 

 
Fig. 3. Samples of children class 
 
 
 
Fig. 4. Sample of teen age class 

 
Fig. 5. Sample of adult class 
 
 
 
Fig. 6. Sample of senior adult class 
 
As we have four age groups, the ECOC coding matrix 
used in our experiment is as follows [14]: 
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Table 1 The age classification accuracy (%) on FG-NET + 
MORPH database.   
Method E +S E+S E+S E+A E+A E+A 
feature L G L+G L G L+G

children 88.3 93.1 96.4 90.6 91.4 95.0 
Teen 
age 

87.4 91.6 92.1 87.2 89.3 91.9 

Adult 83.8 87.1 89.5 83.1 86.5 87.5 
Senior 
adult 

79.6 81.5 83.8 77.5 79.1 81.8 

Notations: L: LBP; G: Gabor; L+G: LBP + Gabor; E+S: 
ECOC + SVM; E+A: ECOC + AdaBoost 
 

We can see from Table 1 that the combination of ECOC 
with SVM can achieve slightly better results than the 
combination of ECOC with AdaBoost.  However, the 
computational load of the ECOC+SVM is much larger 
than the ECOC+AdaBoost. In our implementation, Acer 
VerVeriton 7900 C2D 2.66Ghz 4GB/320GB is used and 
average processing time for testing one image using 
ECOC+AdaBoost is about 0.1s. However, it takes about 
4s for testing one image using ECOC+SVM. We can see 

  



 

 

also that the results based on the fused features of Gabor 
and LBP are better than the one based on Gabor alone or 
LBP alone.  

Based on the proposed ECOC+AdaBoost approach, an 
age categorization prototype has been developed. The age 
ranges of the subjects can be simultaneously estimated 
automatically. We used the Logitech Webcam Pro 9000 to 
capture face images while face detection and tracking are 
done using the face detector of the OpenCV library and 
the kernel-based mean shift algorithm [29] respectively.  
Future research includes the robustness to expression, pose 
and lighting variation. 

5. Conclusion 
In this paper, we have presented an age categorization 
method that applies ECOC to the fused Gabor and LBP 
features to categorize a person into one of four possible 
age groups (children, teenage, adult and senior adult) 
based on the face image. The contributions of this paper 
are (1) Solving age categorization using the combination 
of ECOC with AdaBoost or SVM and (2) Method to fuse 
the LBP and Gabor features. Experimental results on the 
FG-NET and Morph database are reported in this paper to 
demonstrate its effectiveness and robustness in age 
categorization. The results show that the fused features are 
better than the one based on Gabor alone or LBP alone. 
     

References 
[1] X. Geng, Z.-H. Zhou, Y. Zhang, G. Li, and H. Dai. Learning 

from facial aging patterns for automatic age estimation. 2006. 
ACM Conf. Multimedia, 307–316. 

[2] N. Ramanathan, R. Chellappa and S. Biswas. Age 
progression in Human Faces : A Survey. Visual Languages 
and Computing (Special Issue on Advances in Multimodal 
Biometric Systems), 2009.  

[3] Kwon Y. H., Lobo N. da V., Age Classification from Facial 
Images. Computer Vision and Image Understanding 74(1): 1-
21, 1999.  

[4] T.F. Cootes, G.J. Edwards, and C.J. Taylor. Active 
appearance model. In Proc. 5th European Conference 
on Computer Vision, Freiburg, Germany, 1998.  

[5] A Lanitis., C. J. Taylor. and T. F. Coots. Toward automatic 
simulation of age effects on face images, PAMI,  24(4), 442-
455, 2002. 

[6]  A. Lanitis, C. Draganova and C. Christodoulou. Comparing 
Different Classifiers for Automatic Age Estimation. IEEE 
Transactions on SMC-Part B, CYBERNETICS, 34(1), 621-
628, 2004.  

[7] Y. Fu and T. S. Huang, Human age estimation with 
regression on discriminative aging manifold, IEEE Trans. 
Multimedia, 10(4): 578-584, 2008.  

[8] G. Guo, Y. Fu,  C. R. Dyer, T. S. Huang, Image-Based 
Human Age Estimation by Manifold Learning and Locally 
Adjusted Robust Regression, IEEE Transactions on Image 
Processing, Volume 17(7): 1178 – 1188, 2008.  

[9] N. Ramanathan and R. Chellappa.  Modeling age progression 
in young faces. 2006. CVPR, 387–394.  

[10] S. Yan., H. Wang, X. Tang and T. S. Huang. Learning auto-
structured regressor from uncertain nonnegative labels. 
2007. ICCV2007  

[11] Yan S., Wang H.,  Huang T. S., and Tang X.: Ranking with 
uncertain labels. 2007. IEEE Conf. Multimedia and Expo,  
96–99.  

[12]T. Ojala, M. Pietikainen and T. Maenpaa. 
Multiresolution gray-scale and rotation invariant 
texture classification with Local Binary Patterns. 
PAMI 24(7): 971-987, 2002.  

[13] Z. Yang and H. Ai.  Demographic classification with local 
binary patterns. 2007. ICB2007, 464–473. 

[14] T. G. Dietterich and G. Bakiri. Solving multiclass learning 
problems via error-correcting output codes. J. Artif. Intell. 
Res, 2 : 263–286, 1995. 

[15] V. Guruswami and A. Sahai. Multiclass learning, boosting, 
and error-correcting codes, 1999. 12th Annual Conference 
on Computational Learning Theory.  ACM Press. 145–155. 

[16] R. E. Schapire. Using output codes to boost multiclass 
learning problems. 1997. 14th International Conference on 
Machine Learning. USA, 313–321. 

[17] J Kittler, R Ghaderi, T Windeatt and J Matas, Face 
verification via ECOC,  BMVC2001. 

[18]T. Windeatt and G. Ardeshir. Boosting ensemble ECOC for 
face recognition. 2003. IEE Conf Visual Information 
Engineering, Univ. of Surrey, 165-168. 

[19] Y. Freund and R. Schapire. A decision-theoretic generation 
of on-line learning and an application to boosting. Journal 
of Computer and System Science, 55(1): 119 139, 1997. 

[20] T. Windeatt and T. Ghaderi. Coding and decoding 
strategies for multi-class learning problems. Inf. Fusion. 
4(1): 11-21, 2003.  

[21] Y.-S. Lin and C.-N. Hsu. Boosting multiclass learning with 
repeating codes. Technical report TR-IIS-07-014, 2007, 
Institute of Information Science, Acedemia Sinica.  

[22] L. Li. Multiclass boosting with repartitioning. 2006. 23rd 
International Conference on Machine Learning. 

[23] C. J. Liu. Capitalize on Dimensionality Increasing 
Techniques for Improving Face Recognition Grand 
Challenge Performance. PAMI 28(5), 725-737, 2006. 

[24] T. Ahonen, J. Matas, C. He and M. Pietikainen. 
Rotation invariant image description with local 
binary pattern histogram fourier features. 2009. 16th 
Scandinavian Conference on Image Analysis (SCIA 
2009), Oslo, Norway. 

[25] X. Tan and B. Triggs. Fusing Gabor and LBP Feature Sets 
for Kernel-based Face Recognition. 2007. Analysis and 
Modelling of Faces and Gestures, 2007, 235-249.  

[26] The FG-NET Aging Database, November 2007, 
http://webmail.cycollege.ac.cy/~alanitis/fgnetaging/.  

[27] K. Ricanek, Jr. and T. Tesafaye. MORPH: a longitudinal 
image database of normal adult age-progression. 2006. 7th 
International Conference on Automatic Face and Gesture 
Recognition (FGR '06), 341–345, Southampton, UK. 

[28] P. Viola and M. J. Jones. Robust Real-Time Face Detection. 
International Journal of Computer Vision 57(2), 137–154, 
2004 

[29] D. Comaniciu, V. Ramesh, P. Meer. kernel-based object 
tracking, PAMI, 25(5): 564- 577, 2003. 


