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Abstract: There have been extensive research on Face recognition in the recent past and several
different techniques have been introduced. Gabor filters and wavelets have different uses in image
processing and are excellent for feature extraction. In this paper, a face recognition technique has been
presented that works by making use of Gabor features that are extracted from a face, on the basis of
points, which carry the most information, like eyes, nose and mouth. The algorithm is tested on ORL
and the Yale dataset. It is also tested on images with disguise variation
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INTRODUCTION

As the technology is progressing forward day by day, human computer interaction is also increasing
accordingly. It can be clearly seen that the humans have to interact with machines for several reasons that
require verification and identification. Examples of this are ATM machines, Voice services and internet like
telephone, face I.D. logins on computers, retina scans and finger print for authentications, and several other
procedures involving security protocols. This implies that there is a growing need of improved biometrics and
it is growing day by day. Biometric systems are those automated systems that are used to identify humans.
Biometrics that are used are well explained by (Jain, 2000). Some common forms of biometrics used today
are:

Fingerprint Recognition:
Involves the pattern of natural fringes on the finger.

Iris and Retina Scans: 
Involves the region around the pupil and the veins under the retina of human eye.

Voice Recognition:
Involves the frequency, pitch and similar features of human voice.

Signature Recognition: 
Involves properties like pattern, speed, acceleration and pressure of the pen.

Ear Recognition: 
Based on the structure of a human ear.

Hand Geometry Recognition: 
Based on the measurement and the structure of a human hand.

Face Recognition: 
Based on the facial information of a human face.
Probably the most famous, most used and the most needed biometric of all.
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A point to note is that almost all the above mentioned biometrics require human cooperation and
willingness to be carried out whereas the face recognition is the only biometric available which can used
without human cooperation. This gives face recognition a big advantage over the other biometrics for it has
several uses in the field of security and surveillance as well as other commercial fields such as photo matching
in passport, I.D. cards, driver’s licenses, real time video surveillance, etc (Chellappa, 1995).

II. Biometric of Face Recognition:
The Face Recognition Biometric has two basic classifications on the basis of the functionality that they

perform:

A. Face Verification:
In this step, an individual is verified to be true or false against a presented identity.

B. Face Identification:
In this an individual is actually identified from several different individuals.
The face verification is easier whereas face identification is much more difficult to handle. The algorithm

proposed in this paper belongs to this second classification.
In general all face recognition system perform somewhat similar tasks regardless the technique or algorithm

to which they belong. The following figure 1 shows the functions that are performed by generic face
recognition biometric.

Fig. 1: A Generic Face Recognition System.

In the past decade, hundreds of different algorithms have been introduced with different approaches. Each
algorithm has its own strong points and weaknesses. The factors that affect one algorithm may not affect the
other at all.

Generally the face recognition algorithms are grouped into 3 major classes based on their working
methodology:

C. Appearance Based Algorithms:
These work by processing on the general appearance of face. A good example of this kind can be all

algorithms using Eigen face technique like PCA (Kirby, 1990) or even Eigen Eyes (Silva, 2003). 

D. Feature Based Algorithms:
These algorithms work by extracting the local features from a face image. Example of this can be

Geometric Feature (GF) (Cox, 1996) and Local Feature Analysis (LFA) (Penev, 1996).

E. Texture Based Algorithms:
Deal with the texture qualities of a facial image. Independent Gabor Feature (IGF) (Liu, 2003) and Local

Binary Pattern (LBP) can be a good example (Ahonen, 2006).
The algorithm proposed and presented in this paper belongs to the feature based method, for the

recognition process is based on the extraction of facial features.

III. Gabor Filters:
Gabor filters were first introduced by Denis Gabor (1946), used generally for signal detection. This

discovery was made by Denis in 1946 and since then, the Gabor filters have come a long way. Today they
are used in many different applications and for various different tasks. 
Some of the well known applications that use these
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C Gabor filters are (Jain, 1997):
C Edge detection;
C Image coding and image representation;
C Target detection;
C Retina identification;
C Texture segmentation;
C Document analysis;
C Fractal dimension management;
C Face recognition and verification.

Generally a Gabor filter is sinusoidal plane of specific frequencies and orientations (angles), modulated
by a Gaussian function, also called the envelope.

IV. The Proposed Algorithm:
The algorithm works in a procedure. The input image provided is first convolved with a set of Gabor

filters. The Gabor filter set is composed of a combination of filter with different frequencies and orientations.
The features are extracted on the peak points or the points having the most information. These points are
mostly at the locations of eyes, nose and mouth or lips. 

Fig. 2: The working of the algorithm.

The stepwise explanation of the working of the algorithm is stated as following:

A. the Gabor Filter Set for Convolution:
The first step after the input image is received is the generation of the Gabor filters set. The set is

generated with different orientations and frequencies. The orientations or angles range from 0 to 7 (i.e.
{0,1,2,3,4,5,6,7}. The mathematical representation of this can be given as following (Liu, 2003):
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  (1)
Where:

  (2)

  (3)

  (4)
ni is the frequency {0...4}

mu is the orientation angle {0..7}

The set comprises of the Gabor filter set combination of the above mentioned five frequencies and eight
orientation angles (Liu, 2003). 

B. The Image Convolution with the Gabor Filter Set:
The input image is convolved with each individual filter from the filter set to get an output image. The

resulting convolved image contains the magnitude sum of the Gabor coefficients at every location in the image.
If f(x, y) is the input image then the convolution fc(x, y) would be given as:

  (5)

Where g(x, y) is the Gabor filter with different orientations and frequencies mentioned above.

C. Location of the Peaks:
Next, the image filtered image is scanned for peaks or the maximum values. This is done by scanning the

image with a window size of u × v. only those points are selected that satisfy two criteria.
First; the present pixel should have value larger than all the pixel values in the window.
Second; all the window pixel values should be greater than the mean pixel value of the entire image.
Once these two conditions are satisfied, the point is selected as the peak point or peak location. Usually

the peak points result at location of eyes, nose and the mouth, for these locations carry the maximum
information.
D. Extracting the Feature Vector:

Once the peak location is discovered, a feature vector is calculated at that location. The feature vector is
an array of size equivalent to that of the no of filters in Gabor filter set. A point to note is that the numbers
of peaks vary from image to image, so the feature vectors also vary accordingly. These feature vectors can
then be stored in the database or compared for recognition.

E. Recognition:
Once the feature vectors have been calculated for a face image, then they can be either stored along with

their class I.D. in the training database, or used for comparison to give recognition results. For recognition,
the feature vectors from the input image are compared to all the stored vectors in the database. The class I.D.
of closest feature vector is the recognized class.

V. Experiments and Results:
We tested the algorithm on the ORL database and the Yale database. We divided the experiment with each

of the databases into three parts.

A.  Experiments with Orl Database:
Part 1 of the experiment was carried out with only one image for training from each class, hence a single

gallery test. The accuracy rate with was 65%.
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Fig. 3: Example training set with one image per class.

Part 2 of the experiment was carried out with three training images for each class. The accuracy rate
dramatically increased to 86% with three training images; providing more feature vectors to each class.

Fig. 4: Example training set with three image per class.

Part 3 of the experiment was done with a traditional five images for training. The accuracy rate of the
algorithm here even jumped further up to 93%.

Fig. 5: Example training set with five image per class.

The results of all the three parts of the experiment are shown below in a tabular form and the result bar
chart shows the comparative increase in the results with the increase in the gallery images.
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Table I: Experimental results (ORL).
Number of training images per class Accuracy Percentage
One image per class 65%
Three images per class 86%
Five images per class 93%

Fig. 6: Bar chart of the Experimental results (ORL).

B. Experiments on Yale Database:
Part 1 of the experiment was carried out with only one image for training from each class, hence a single

gallery test. The accuracy rate with was 75.5%.

Fig. 7: Part 1(Yale) example training set with one image per class

Part 2 of the experiment was carried out with three training images for each class. The accuracy rate
dramatically increased to 88% with three training images; providing more feature vectors to each class.

Fig. 8: Example training set with three image per class.

Part 3 of the experiment was done with a traditional five images for training. The accuracy rate of the
algorithm here even jumped further up to 91.1%.



Aust. J. Basic & Appl. Sci., 5(6): 1648-1656, 2011

1654

The results of all the three parts of the experiment are shown below in a tabular form and the result bar
chart shows the comparative increase in the results with the increase in the gallery images.

Fig. 9: Example training set with five image per class.

Table II: Experimental results (Yale).
Number of training images per class Accuracy Percentage
One image per class 75.5%
Three images per class 88%
Five images per class 91.1%

Fig. 10: Bar chart of the Experimental results (Yale).

C.  Experiment with Disguise Faces:
The algorithm was tested with several face images with disguise variation applied to them. As there is no

standard data set for disguise present, so we modified the faces images from ORL data set for this purpose.
A total of one hundred images were modified from first twenty classes. The modification was mainly done

of several types. So each class image had different variations that were tested. For training purposes, the first
three standard images from each class were used. The modified images sample is shown below.

Fig. 11: Sample of the five different disguise variations used for the experiment.
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Table III: Experimental results with disguise dataset.
Disguise Type Accuracy Percentage
Mustache (type 1) 100%
Mustache (type 2) 100%
Beard (type 1) 90%
Beard (type 2) 95%
Hidden lower face 90%
Overall 95%
The results of this experiment are shown in the table below.

It can be seen that the mustache have no effect on the recognition process where as the beard has resulted
in some false recognitions. However, overall the results are satisfactory, considering the fact that the face
images were tested with disguise introduced in them.

D. Comparison with Previous Algorithms:
The test results of several previous algorithms on the ORL dataset are provided here for the purpose of

comparison. Johnny et al. (2004) showed a recognition success rate of 91%. Gualberto Aguilar-Torres et al
(2009) showed results of his algorithm on ORL which were 92.1%. he also compared the results of other
algorithms on the same ORL data set. Eigenfaces success was 83%. Discrete Walsh Transform or DCT
(Yoshida, 2003) had a success of 75.33%. Discrete Gabor Transform (as mentioned in (Gualberto, Aguilar-
Torres et al 2009) showed a result of 85.67%. Discrete Cosine Transform or DCT (Hazem, 2005) showed a
result of 78.33%. Comparatively our proposed algorithm shows a success rate of 93% on the ORL dataset.

Johnny et al. (2004) showed a recognition success rate of 89% on the Yale dataset where as the LFA
shows a success percentage of 62%. PCA shows a success of 80.6 % (Xiaoguang, 2008).

Table IV: Comparison of results with previous algorithms (ORL).
Algorithm Accuracy Percentage
Dynamic Local Feature Analysis (DLFA) 91.0%
Eigenfaces (EF) 83.0%
Discrete Walsh Transform (DWT) 75.33%
Discrete Gabor Transform (DGT) 85.67%
Discrete Cosine Transform (DCT) 78.33%
Discrete Gabor Transform together with eigenfaces 92.10%
Proposed 93.0%
The test results of several previous algorithms on the Yale dataset are provided below.

Table V: Comparison of results with previous algorithms (Yale).
Algorithm Accuracy Percentage
Dynamic Local Feature Analysis (DLFA) 89.0%
Local Feature Analysis (LFA) 62.0%
Principle Component Analysis (PCA) 80.6%
Proposed 91.1%

Conclusion:
We have presented a face recognition technique that works on the basis of the extracted features from the

face image. The features are extracted only on points which carry the most information, called the peak
locations. The algorithm was tested on the ORL database and the experiment was performed in three parts.
The tests in part one was carried out with only a single training image per class. The tests in part two and
three were carried out with three, and, the traditional, five numbers of images per class, respectively. The
results show that the likely hood of a person successfully being recognized increases if the training images per
class is increased.
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