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Abstract
This paper proposes a classification based face recognition method 
using Gabor filter features. Considering the desirable characteristics 
of spatial locality and orientation selectivity of the Gabor filter, we 
design filters for extracting facial features from the local image. 
Gabor filter have also some shortcomings which crucially affect 
the characteristics and size of the Gabor representation of a given 
face pattern amongst these shortcomings the fact that the filters are 
not orthogonal one to another and are, hence, correlated is probably 
the most important. This makes the information contained in the 
Gabor face representation redundant and also affects the size of the 
representation. To overcome this problem we propose orthonormal 
linear combination of the original Gabor filters rather than the 
filter themselves for deriving the Gabor face representation. They 
are computed by means of principal component (PCA). Finally 
support vector machine (SVM) are trained with set of facial 
features and perform recognition task. The proposed system is 
evaluated with XM2VTS and ORL database. The experiment 
results demonstrated the efficiency and robustness of the proposed 
system with high recognition rates. 
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I. Introduction
Face recognition is about comparing a given test sample with 
stored samples from a database. This way, an algorithm has to find 
the right match and verify a claimed identity. There exist several 
challenges for designing a robust face recognition algorithm. 
Variations of head poses and different facial expressions such 
as smiling/not smiling or open eyes/closed eyes increase the 
complexity of this problem. Also do shadings and other variations 
in lighting cause additional difficulties.
In face recognition algorithms, appearance-based approach uses 
holistic texture features and make a reduced set feature vector 
that can be applied to either on the whole-face or on the divided 
block in a face image. Sub-space based many face recognition 
techniques discussed so far includes PCA [4-7], LDA [7], ICA 
[9], kernel PCA[10], etc. Principal component analysis (PCA) 
uses to reduce the high dimensionality feature space to the smaller 
intrinsic dimensionality of feature space. The main idea of using 
PCA [6] for face recognition is to express the large 1-D vector 
of pixels constructed from 2-D facial image into the compact 
principal components of the feature space. This can be called 
Eigenspace projection. Eigenspace is calculated by identifying 
the eigenvectors of the covariance matrix derived from a set of 
facial images (vectors). PCA based approaches typically include 
two phases: training and classification. In the training phase, an 
Eigenspace is established from the training samples using PCA and 
the training face images are mapped to Eigenspace for classification. 
In the classification phase, an input face is projected to the same 
Eigenspace and classified by an appropriate classifier. 
Face images many nonlinear characteristics that are not addressed 
by the only linear analysis methods discussed earlier, such as 
variations in illumination (outdoor lighting vs. indoor fluorescents), 

pose and expression. For the well representation of feature space, 
a combine approach of representation of Gabor wavelets [12-13] 
and covariate is proposed that construct facial feature vectors that 
avoid the drawbacks of accurate localization of facial landmarks. 
At each feature point, feature vectors are extracted using the outputs 
of multi-scale and multi-orientation 2D Gabor wavelets.
In this paper, a face recognition based on Gabor wavelet transform 
is presented that convolves with face images of multiple views 
and facial expressions. Convolutions produce high dimensional 
feature vectors. In subsequent process, Gabor faces are encoded 
by covariate to reduce the high dimensionality of the input 
feature spaces into the lower dimensional covariates spaces. For 
recognition task, Support Vector machine (SVM) classifier[11] 
is used. Our results show that Gabor based representation of 
face images significantly improves the recognition performance 
over the methods presented in the literatures. It also observes 
that dimensionality reduction of feature vectors without loss of 
information in feature spaces.
The rest of the paper is structured as following: in section II the 
theory underlying Gabor filters construction and their use in face 
recognition system is briefly reviewed. In section III overview 
of SVM classification of faces images presented. IV introduces 
the face database used in experimentation and describes the 
experiments carried out, and results obtained. V conclusions are 
drawn in this section.

II. Extracting Features With Gabor Filters
In our approach we use Gabor wavelets for feature selection 
as these present desirable characteristics of spatial locality and 
orientation selectivity. Several works [9-11] have also shown that 
the Gabor wavelet representation of face images is robust against 
variations due to illumination and facial expression changes.
A Gabor wavelet 

 (1)
Where z represents a 2 – dimensional input point. The parameters 
u and v define the orientation and scale of the Gabor kernel. 
|.| indicates the norm operator, and sigma refers to the standard 
deviation of the Gaussian window in the kernel. The wave vector 

is defined as

    (2)

Where   and   if 8 different orientations 
are chosn. Kmax is the maximum frequency, and fv is the spatial 
frequency between kernels in the frequency domain. In our 
configuration, 5 different scales and 8 orientations of Gabor 
wavelets are used, eg. } and . Gabor wavelets 

are chosen with the parameters ,  and . 
The collection of all 40 Gabor kernels is a filter bank. An example 
can be found in fig. 1.
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Fig. 1: Gabor Filters Correspond to 5 Spatial Frequencies and 8 
Orientations in Time Domain

The Gabor wavelet representation of an image is the convolution 
of the image with the filter bank. The convolution of image I and 
a Gabor kernel is defined as follows

     (3)
and called Gabor feature. As the response 0u,v(z) to each Gabor 
kernel is a complex function with a real part and an imaginary 
part, we use its magnitude to represent the Gabor features.

 (4)

Fig. 3: Magnitude of the Gabor Filter

The complete set of Gabor wavelet representations of the image 
 is the resulting features for each orientation, 

scale and position are arranged on top of each other and usually 
referred to as Gabor feature vector.

         (a) 

Fig. 2(a & b). Example of facial image response to above Gabor 
filters, 2(a) Original face image, (b) Gabor filter response

In fact, the huge dimension of Gabor responses could cause the 
performance to be degrades and matching would be slow. Due to 
huge dimensionality of Gabor responses, dimensionality reduction 
operation is performed using canonical covariate. 
Take an image with size 64 x 64 as an example the convolution 
result will give 64 x 64 x 5 x 8 = 163,840 features. Since Gabor 
filter parameters are chosen empirically, it is our belief that a 
lot of redundant information is included, and therefore a feature 

selection mechanism should be used to choose the most useful 
feature for classification.
It is necessary to reduce the high dimensional feature space 
to a low dimensional representation by selecting relevant and 
important features from the feature space. In canonical covariate 
based holistic appearance technique is used to select the significant 
features from the Gabor face responses, and hence to reduce the 
high dimensional data.
When a high dimensional Gabor face image is projected onto a sub-
space using canonical covariates, it shows lower variance in high 
dimensional data, but the classification rate of faces is high. 

III. Properties of Gabor Filters
It is obvious that the mathematical properties of the Gabor filters 
crucially influence the characteristics and size of the Gabor face 
representation and thus deserve to be discussed in more detail. A 
large number of papers dealing with face recognition using Gabor 
filters emphasize the face that the filters exhibit properties, such 
as spatial locality and orientation selectivity, and that they are 
optimally localized in the space and frequency domains. While 
these properties are certainly appealing, they might not necessarily 
be the most important when deriving discriminative and most of 
all compact representations of a face pattern. Optimal resolution of 
the filters in both the spatial as well as the frequency domain, for 
example, is desirable to derive spatially local features of a confined 
frequency band, but is unfortunately also exactly the reasons why 
the dimensionality of the Gabor face representation is that much 
bigger than the initial size of the input face image.
Another known shortcoming of Gabor filters is the fact that different 
filters from the filter bank are not orthogonal one to another. The 
information encoded in the final Gabor face representation is 
therefore redundant and might affect the recognition accuracy of 
the classifier relying on the Gabor face representation. 

IV. Support Vector Machines for Face Classification
The proposed work use support vector machines [11] to solve 
the problem of classifying faces. The training problem can be 
formulated as separating hyper-planes that maximizes the distance 
between closest points of the two classes. In practice, this is 
determined through solving quadratic problem. The SVM has a 
general form of the decision function for N data points , 
where  the i-th input data is, and  is the label 
of the data. The SVM approach aims at finding a classifier of 
form:

       (5)
Where , are positive real constants and b is a real constant, 
in general  is known as kernel 
function where <..> inner product is, and  is the nonlinear 
map from original space to the high dimensional space. The kernel 
function can be various types. The linear function is defined as

 the radial basis function (RBF) kernel function is 

 and the polynomial kernel 
function is . SVM can be designed for either 
binary classification or multi – classification. For the sake of 
experiment, binary classification approach is used. In “one-vs-
one” binary classification, the decision function (6) can be written 
as

              (6)
Where (inner product of weight vector) is obtained from the 
following equation
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                          (7)
The input vector x and weight vector w determines the value 
of f(x). During classification, the input features with the largest 
weights correspond to the most discriminative and informative 
features. Therefore, the weights of the linear function can used 
as final classification criterion for binary decision of multi-view 
faces.

V. Experimental Setup
In this section, the experimental results of the proposed method 
on ORL and XMV2TS face databases. The face databases consist 
of 564 face images of 20 distinct persons or subjects. Faces in the 
database cover range of poses from profile to frontal view. Each 
subject covers a mixed range of race, sex and appearance such 
as different expressions, illuminations, glasses/non glasses some 
images are shown in fig. 1 for single subject.

Fig. 4: Sample Faces Images from XM2VTS and ORL Database 
for a Single Subject are Shown

For memory reasons the images of both databases are down 
sampled. The image size of samples from XM2VTS is reduced 
to 32X40 pixels, ORL it is downsized to 56X46 pixels. In each 
case all images are being used for the experiment where the 
sets per subject are split evenly into a training set and a test set 
containing an equal amount of samples. For the computation of 
the intra-personal class (CI) and the extra –personal class (CE) 
limitations had to be applied due to memory restrictions. For CI 
in each case the difference of the first 2 training images of each 
subject is computed resulting in only 1 CI vector per subject. The 
samples for CE are computed by a double loop which iterates over 
all combinations of subject pairs and computes their differences. 
Here, for XM2VTS the number of CE samples is limited to 750 
and ORL it was restricted to 200. Due to the structure of the loop 
the representation of each subject in this class was found fairly 
even.
The experiment is accomplished in three steps: in the first step 
feature representation is done by Gabor wavelet feature. Canonical 
covariates performs dimensionality reduction of high dimensional 
Gabor wavelet feature by finding significant linear features that 
best separates multiple classes efficiently. After feature reduction 
process, support vector machine (SVM) classifier with two kernel 
functions does classification work of faces, namely radial basis 
function (RBF) and linear function kernels.
Apart from SVM classifier, to show the superiority of the proposed 
method, classification task using k-nearest neighbor approaches 
with the Euclidean distance measure is illustrated. Before feature 
representation of faces using Gabor wavelet, pre-processing 
operations perform in order to obtain the recognized face with 
most similar probability.
Prior to the experiments, a preprocessing procedure was applied 
to all images of the ORL and XM2VTS databases. Specifically, 
the procedure comprised:

A rotation and scaling step, which, based on the manually • 
labeled eye coordinates, positioned the eyes are predefined 

locations;
A cropping step which removed all image parts not belonging • 
to the face;
An image enhancement step in the form of histogram • 
equalization, which improved the contrast of the images 
[10].

Face images are now ready to identity verification. The experiments 
are conducted on subset of face images taken from ORL and 
XM2VTS face databases. For the sake of experiment, subset of 
image database is divided into two different sets of images. First set 
contains face images of frontal views. Test to be performed on first 
set, 6 frontal view faces are taken per subject. In the next phase of 
experiment, training of face images is accomplished with multiple 
profiles including frontal profile, left profile and left profile face 
images and match is performed with varying ranges of faces in 
terms of rotated face images. The SVM differentiating the classes 
efficiently, using SVM the binary classification is accomplished 
between two classes. By using a kernel function the non-linear 
separable vector is mapped into a high-dimensional ‘feature’ 
space and thereby makes it separable. On both the data sets the 
experiments are performed by binary classification methodology. 
Experimental results computed from the first set shows that SVM 
outperforms other methods with radial basis function used as a 
kernel. The performance of SVM with linear function kernel also 
investigated and results are quite impressive. Other two nearest 
neighbor methods namely, Euclidean distance metric are also 
compared with SVM with two kernel functions. For the first set 
of face images, that contains frontal profiles, ROC curve shown in 
figure. FAR (false accept rate) and FRR (false reject rate) of all the 
methods which are proposed in this paper are shown in table 

VI. Conclusion
The aim of the paper is to reports a robust face recognition method 
that copes with multi-view faces with facial expressions efficiently. 
Due to high dimensionality of Gabor face responses, the reduced set 
of features obtained by applying canonical covariate. The reduced 
set of Gabor features identifies themselves as significant set of 
features. For classification of faces support vector machine is used 
to classify the faces in binary classification pattern. Performance of 
the proposed system estimated as a robust face recognition system 
when it compared with the other methods presented in this paper 
and with methods presented in the literatures. Reported results 
confirm the efficacy of the proposed scheme while the method 
tested on the ORL and XM2VTS databases with quite complex 
multi-view faces. The performance of RBF kernel based SVM is 
much better than that of the linear kernel based SVM classifier and 
the K-nearest neighbor classifiers. The ROC curves show that the 
robustness and reliability of the recognition performance rectified 
and increases with proper selection feature representation scheme 
for multi-view faces. The performance largely dependent on three 
factors: the dataset to be uses, combined feature representation 
scheme and the right classifier. It is worthless to use poor 
representation model and weak classifier that resulted to because 
decrease in overall accuracy and recognition performance. Because 
of the reported results, it is worth devoting further experimental 
investigations to understand the behavior of canonical covariate in 
order to integrate with appearance model. Irrespective of certain 
difficulties present in captured faces such as illumination changes, 
pose changes, presence of occlusion, expression changes, etc; 
the present system can combat with these problem and classify 
faces efficiently.
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Table 1:
Technique and 
method

FRR 
(%)

FAR 
(%)

Recognition 
Rage (%)

EER 
(%)

SVM RBF (F) 2.0 4.51 96.73 3.26
SVM Linear(F) 3.2 6.96 94.92 5.09
NN-Euclidean (F) 3.4 8.43 94.08 5.91
SVM RBF (FLR) 7.3 13.98 89.33 10.66
SVM Linear 
(FLR) 11.0 14.43 87.28 12.71

NN Euclidean 
(FLR) 13.9 17.02 84.53 15.46

The table shows FRR, FAR and EER computed from different 
methods and evaluated on two sets of face datasets, in which first 
set contains frontal view faces and the second set contains of 
multiple view faces “F” stands for frontal view face, “L” stands 
for left view face and “R” stands for right view face.

References
[1] J.Y.Gan, Y.W.Zhang," A new approach for face recognition 

based on singular value features and neural networks”, Acta 
Electronica sinica, Vol. 32, No. 1, pp. 56 – 58,2004.

[2] J.Y.Gan, Y.W.Zhang, S.Y. Mao,“ Adaptive principal 
components extraction algorithm and its applications in the 
feature extraction of human face,“Acta Electronica silica, 
Vol. 30, No. 7, pp. 1013 – 1016, 2002.

[3] M. Dai, M.Q.Zhou,“On automatic human face recognition”, 
advances Biometrics, Vol. 1, pp. 41-48, 2003.

[4] Turk.M., pentaland, A.,"Eigenfaces for Recognition”, 
Journal of Cognitive Neuroscience, Vol. 3, No. 1, pp. 71 – 
86,  1991.

[5] M.Turk, Pentaland,“Face recognition using Eigenfaces”, 
proceeding of the IEEE conference on computer vision and 
pattern recognition, 1991, pp. 586 – 591.

[6] P.N Belhumeur, J.P Hespanha, D.J Kriegman,“Eigenfaces vs 
Fisherfaces: Recognition using class specic linear projection”, 
European Conf. on computer vision, pp. 45-58, 1996.

[7] A.Martinez, A.Kak,“PCA versus LDA”, IEEE Transaction 
on pattern analysis and machine intelligence, Vol. 23, No. 
2, pp. 228 – 233, 2001.

[8] G.W Cottrell, M.K fleming,"Face recognition using 
unsupervised feature extraction", Proceedings of the 
international Conference on neural network, 1990, pp. 322-
325.

[9] M.S Bartlett, J.R.Movellan, T.J.Sejnowski,“Face recognition 
by independent Component analysis”, IEEE transaction on 
Neural networks, Vol. 13, No. 6, pp. 1450 – 1464, 2002.

[10] M.H.Yang,“ Kernel eigenfaces vs.kernal fisher faces: Face 
recognition using kernel methods”, Proceedings of the 5th 
IEEE international conference on automatic face and Gesture 
Recognition, 2002, pp. 215 – 220.

[11] C.J.C Burges,“A Tutorial on Support Vector machines for 
pattern Recognition”, Data mining and knowledge Discovery, 
Vol. 2, No. 2, pp. 121 – 167, 1998.

[12] J.G. Daugman,“ Complete discrete 2-D Gabor transformation 
by neural networks for image analysis and compression”, 
IEEE Transaction on Acoustic,speech and signal processing, 
Vol. 36, pp. 1169 -1179, 1998,

[13] T.S. Lee, “ Image representation using 2D Gabor wavelets”, 
IEEE transaction on pattern analysis and machine intelligence, 
Vol. 18, pp. 959 – 971, 1996.

[14] K.Messer, J.Matas, J.Kittler, J.Luettin, G.Maitre, 
“XM2VTSDB: The extended M2VTS database”, In 
proceedings of Second international conference on Audio 
and Video-based Biometric Person Authentication, Vol. 1, 
1999.

[15] ORLface database, [Online] Available: http:// www. cl.cam. 
ac. uk research /dtg/attarchive / face data base.htm1

H.GIRISHA has received B.E in computer 
science & engineering, M.Tech in 
software Engineering and pursuing Ph.D. 
currently working as associate professor 
in Rao Bahadur Y. Mahabaleswarappa 
Engineering College, Bellary.

B.SREEPATHI has received B.E in 
computer science & engineering, 
M.Tech in software Engineering and 
pursuing Ph.D. currently working as 
associate professor in Rao Bahadur 
Y. Mahabaleswarappa Engineering 
College, Bellary.

K. Karibasappa, Vice Principal, 
Dayananda Sagar College of Engineering, 
Bengaluru. His research interests include 
digital signal processing, Machine 
Learning


