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Abstract: This paper presents the experimental evaluation of Gabor filter and Zernike moments for extracting
the face features. The dimensionality of the input image is reduced for the overloading process of Gabor filters.
40 sub-images were obtained from the original images by using the Gabor filters in 5 scales and 8 orientations.
From each sub-image, four Zernike features were extracted. Thus, the total numbers of features are 160. The k-
Nearest Neighbor (k-NN) classifier is used for the matching purpose. The experiments were performed in the
ORL and NC-Face database of Facial Expressions. The recognition rate in the ORL database is 98.5% and the
rate in the NC-Face database of Facial Expression is 89.23%. In the proposed system, the performance was
found to be satisfactory as compared to the existing system.
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I.  Introduction

Face is what a human being gets right from his birth. The facial features are considered to be the
permanent identification marks. A man is known by his identification features such as the scar in the check, the
distance between each part of face, texture features, etc., all these are considered as the face features. These
characteristic features of the face are used even today in recording the identification features in the database.
Therefore, the human face recognition has received substantial attention from researchers in biometrics, pattern
recognition, and computer vision communities over the past few decades for solving the outstanding challenges
which exist in the uncontrolled environment [1]. For recognizing the face, it does not require the cooperation of
individual with the system. Therefore, it is an intuitive and nonintrusive method for recognizing people. The 2D
face recognition systems still encounter difficulties in handling facial variations due to head poses, lighting
conditions and facial expressions [2], which has introduced a large amount of intra-class variations. Range
images are captured by a 3D sensor and it has contained the facial surface shape information. The 3D shape
information does not change much, due to pose and lighting variations, which can change the corresponding
intensity image significantly. The 3D face recognition has been demonstrated for enhancing the accuracy of
recognition [3,4].

P. Yang, et al. [2] have presented the face recognition based on the Gabor features and 100 features
were selected as a feature vector for each subject. Also, the researchers have proposed the AdaBoost Gabor
feature for reducing the dimensional and the discriminant as well. Bouzalmat et al. [3] have convoluted the
Fourier Transform and Gabor filter for generating the feature vectors, 40 Gabor filters were used for their
experiment. Linlin [5] have extracted 200 Gabor features by using the boosting algorithm. Then, those features
are combined with the Support Vector Machine (SVM) for building a two-class. Chandan Singh et al. [6] have
combined the global and local feature of the face. The global features were extracted by using the Zernike
moments. The local features are extracted from the histogram-base by using the Weber Law Descriptor (WLD).
Karim Faez et al. [7] have presented the performance comparison of three feature extraction techniques: Zernike
moment, Pseudo-Zernike moment and Legendre moment. The authors concluded from their comparison, the
Legendre moment is obtained a better result as compare with Zernike moment and Pseudo-Zernike moment.
Sarode et al [8] have used the Zernike moment for extracting the face features and genetic algorithms for
selecting the best feature. H. Ouanan et al. [9] presented a framework to combine Gabor filter, Zernike moment
and random projection for dimensionality reduction with SVM classifier. In the previous work, we have
implement the Discrete Wavelet Transform and Local Binary Pattern [27] for extracting the face features.

The rest of the paper is organized as follows. The second section introduced the proposed method.
Where section three is the databases description. The experiment and result are shown in section four. Finally,
the conclusion is presented in section five.
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Il. Proposed method
The proposed methodology is employed to extract the face features from the Gabor filters and Zernike
moments. The length of feature vector is 160 which are sufficient for the face recognition. The proposed system
has four stages: preprocessing, Gabor filtered images, applying Zernike moment and classification using KNN.
Fig.1 has Shown the proposed methodology and the detail description in the following sections.

1. Preprocessing

In this stage, image is preprocessed before the feature extraction and classification. Here size reduction,
Gabor filter setting and to form a Gabor-filtered images for the feature extraction. In this method, the images are
sets to equal size of rows and column as 32x32, 64x64, 128x128.
2. Gabor Filter

Gabor filters are generally used in texture analysis, edge detection, feature extraction, etc. Gabor filters
are classes of special band pass filters. The equation given below gives Gabor filters.

| Image Database |

| Training Image | | Testing Image |
Image Size Image Size
Reduction Reduction
Apply Gabor Apply Gabor
Filter Filter
Feature Feature
Extraction Using Extraction Using
Zernike Moment Zernike Moment
—Dl Classification |-1—
| Result |

Fig 1. The Proposed Method(Gabor-Zernike)
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Where x' = xcos(8) + ysin(0)

y' = —xsin(f) + ycos(8)

& = Orientation of the wavelet.

A= Wavelength or frequency of the wavelet.
% = Phase, ¢ = Radius of the Gaussian (Scale).

¥ = Aspect ratio of the Gaussian.
2+ yr?)
E_( 202

(1)

is the Gauss function. Where, * and ¥ are the range of values for the length and breadth
of the Gabor mask. Gabor filter is then convolving to the image to form the Gabor filtered images as.

,f(l)}’) = I(I,}?)XG[:I,}?) 2)

i.e., they allow a certain ‘band’ of frequencies and reject the others. When a Gabor filter is applied to an
image, it gives the highest response at edges and at points, where the texture features are changing. A filter
responds to a particular feature, means that the filter has a distinguishing value at the spatial location of that
feature. When we apply convolution kernels in spatial domain, that is, the same holds for other domains, such as
frequency domains. The important advantages of Gabor filter are the invariance to illumination, rotation,
translation and scale.
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Fig 2. (a) Real part of the Gabor Filters of the Filter Bank (b) Magnitude part of the
Gabor Filters of the Filter Bank
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Fig 3. (a) Sample Face Image [11], (b) Gabor Filter Response (Magnitude) images.

3. Zernike Moments

Zernike moments are mapping of an image on to a complex Zernike polynomial which is orthogonal to
each other. Having some desirable properties such as robustness to rotation invariance and noise. The Zernike
moments of order n with repetition m is obtained by the following equations:

1
Zom= %Ex Zy (% ¥)Vam (X ¥),
XZ +},2 <=1 (3)

Here is Zernike moment Znmon rotated image have the same magnitudes. Therefore, |an|can be used as the

rotation invariance features. Vnm(%¥) is a Zernike polynomial on a unit circle x?+y?=<1,
Vnm(_‘;,yjzvnm (p.6) = Rym(p)exp(imf) 4)
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Where, ™ is a nonnegative integer which represents the order of Zernike moment and ™ represents the

e — pap-1¥
repetition. Satisfying the condition ® — ™ is Evenand | |= 1. Also P = VX*+¥% and 8 = tan x

4. Database

Face databases are categorized in various criteria such as pose, illumination, expression and occlusion
as well as captured in different distances. There are many standard databases available online such as ORL,
YALE, FERET, etc. But the ORL database was selected for testing the methodology and compare the result
with the existing works.

4.1 ORL Database

The AT&T face image database (formerly known as the ORL database) contains a set of face images
taken between April 1992 and April 1994 from 40 people [10]. There are 10 different images of each person
taken at different times, illuminations, and facial expressions like open or closed eyes, smiling or not smiling
and facial details like glasses. All the images have a dark homogeneous background and the subject is in an
upright, frontal position. The size of each image is 92x112 pixels, with 256 grey levels per pixel.
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4.2 NC-Face Database

The NC-Face (Narasamma College) database contains the static images of human face of Indian
domain with number of Subject (Male, Female, Age) with Pose, illumination and different facial expression
images such as happiness, sadness, anger, disgust, fear and surprise [11], using the high-resolution Sony camera.
The collection is done with indoor (infrared) and outdoor using CCTV camera. The database contains 11040
static images of using digital Camera of 160 subjects. And 7200 images of using CCTV Camera of 144 subjects.
Images from different quality cameras should mimic real-world conditions and enable robust face recognition
algorithms testing. The facial expression database images collected in controlled condition, subject to giving
information for various facial expressions such as neutral happiness, sadness, anger, contempt, fear and surprise.
And one neutral expression and two images for each expression. Total 15 face images of the single subject for
facial expressions. The total number of images in facial expression database is 2400. Fig.4. shows the images of
expressions.
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Fig 4. FaC|aI Expression |mages of smgle subject of NC-Face

I11. experiment and result analysis
The proposed system was tested on the standard database ORL, which is publicly available and mostly
researcher prefer to test their methodologies on this database. So, the ORL database is more easy to compare the
performance analysis of the proposed system. Then, the same methodology was tested on the local database of
Indian domain NC-Face (Facial Expression database).

1. Zernike Moments Experimentation

In this experiment, the ORL Database is divided into 50% as training and 50% as testing. Also, set
various orders of Zernike moment from order 1 to order 14 for evaluation with different image size 32X32,
64X64, 128X128. The recognition rate increased from Zernike moment order 1 to 6 and from order 7 to 14 was
decreased, so Zernike moments of order 6 is achieved better result than the other orders using only 16 feature of
single image for recognition. The recognition rates are 79%, 79%, 78% for image size 32X32, 64X64, 128X128
respectively. From the below Table.1., the input image has various dimensionalities (32x32, 64x64, 128x128)
but the recognition rates are similar. When the image size is large, the execution time is increasing. Thus, 32x32
was selected for the further experiments.

Table 1. The Result of Zernike Moments on ORL Database

Zernike Total Image Size Image Size Image Size
Orders Features 32x32 64x64 128x128

1 2 245 25.5 27

2 4 56 57.5 59

3 6 66 65.5 66

4 9 72.5 73 72.5

5 12 75 74.5 75.5

6 16 79 79 78

7 20 78 78.5 77

8 25 75 74.5 75

9 30 78.5 78.5 75

10 36 76 76 76

11 42 775 75.5 76

12 49 72.5 72.5 73

13 56 73 72.5 73.5

14 64 69 69.5 69.5
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2. Gabor-Zernike Experimentation

In this experiment, 8 orientation and 5 scale of Gabor filters were used, which achieved the highest
recognition rate. If the different combination of orientation and scale is used for evaluation the rate is reduced.
Then the face image is divided into 40 sub-image by using the Gabor filter. For selecting different order and
repetition of Zernike moments, applied on the 40 Gabor filter images, to form a Gabor Zernike feature. Here, the
input image is 32x32 for minimizing the execution burden. The input face image is convolving to the 40 Gabor
filters to form 40 Gabor filtered images, then applying the Zernike moment with combined order from 0 to 10
with all orientations, as shown in Table 2. If we combine the Zernike moment of orders from 0 to 4. Zernike
moments have 9 features up to the order 4. So, 40 Gabor filtered images produce 360 Gabor-Zernike features,
gives 97.5% as recognition rate, with 38.91 second recognition time. If Zernike moment order is increasing
total Gabor-Zernike features is rapidly increasing, but recognition rate is still constant and further decreasing
again. So, best result obtained using the less order of Zernike moments. In this paper, K-Nearest Neighbor
(KNN) Classifier is used for evaluating the proposed Gabor-Zernike features. instead of all orders of Zernike
moments, the lower order is concentrated and selecting the various combination of the Zernike moment of order
and repetition.

The proper order and repetition of Zernike moments on Gabor filtered images, with combined features
and Accuracy as shown in Table 3. Only 3 Zernike features were selected from each sub-image (8 orientation, 5
scale so, total 40 sub-images), the total number of features are 120 with 97% recognition rate. When 4 Zernike
features were extracted from each sub-image, the recognition rate will be increasing up to 98.5% and 160 is the
length of feature vector. Where, 5 Zernike features are decreased the recognition rate to 97.5%. Thus, the 4
Zernike features from each sub-image are achieved the better result. Also, only 3 images of training are
sufficient for higher rate of recognition i.e. 96.7 %. Table 4. Shows as training and testing combination of
images for recognition. Here training images 8 or 9 gives 100 % recognition.

Table 2. The Result of Gabor-Zernike Moments (Order and Repetition) on ORL Database

Order Zernike Total Gabor-Zernike Recognition Recognition
Features Features rate Time
0 1 40 93 22.03
0-1 2 80 95 14
0-2 4 120 96 17.22
0-3 6 240 96.5 26.21
0-4 9 360 97.5 38.91
0-5 12 480 97.5 53.4
0-6 16 640 97.5 75.8
0-7 20 800 97.5 101
0-8 25 1000 97 132.74
0-9 30 1200 97 170
0-10 36 1440 96 211

Table 3. The Result of Gabor Zernike of Selected Zernike Moment (Order, Repetition) On ORL Database

Number of Zernike Moment (order, Total Features (Gabor Accuracy
Zernike features repetition) + (%)
Zernike)

3 Z0,0;722,0;,Z24,0 120 97%
3 220,722,240 120 97%
3 711,722,240 120 97%
3 220,731,240 120 97%
4 Z211,720;222;23,1 160 97%
4 220,722,231, Z4,0 160 98.50%
5 200;22,0;Z222; Z31;Z4,0 200 97.50%
5 711,720,222, Z31,Z40 200 97.50%

Table 4 The Recognition Rate and Execution Time of Various Training and Testing on the ORL Database

Train / Test Recognition Execution Time
images Rate In second (Training + Testing)
1/9 77.44% 43.59
2/8 91.88% 44.35
317 96.70% 43.96
4/6 97.50% 44.44
5/5 98.50% 46.44
6/4 98.13% 43.83
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7/3 97.50% 43.81
8/2 100% 43.93
9/1 100% 43.65

The proposed Gabor-Zernike method is applied on NC-Face database of facial expression database.
160 subjects in facial expression database and 15 images are acquired from each subject with a different
expression. 6 images were used as training and 9 images as testing. The recognition rate in the facial expression
is 89.44%. The result shown in Table 4.

Table 5. The Result of Proposed Method (Gabor-Zernike) on NC-Face Database and ORL Database

Database Portion Training and Testing Accuracy (%)
Expression 40% & 60% 89.44 %
ORL 50% & 50% 98.5%

The Table 6. Shows a comparison of various existing methodologies with recognition rate and used total
features or dimensions. Combined features methods have better accuracy than the local and global feature
method. Here Proposed combined method Gabor Zernike gives 98.5 % accuracy with minimum features.

Table 6. The Result of Proposed Method and Existing Method on ORL Database

Authors and Year Feature type Evaluation technique | Total Features | Recognition Rate
Huang et al. (2014) [12] Local LDP 36 91
Yuetal. (2014) [13] Local LBP 59 91
Ahonen et al. (2008) [14] Local LPQ 256 87.5
Junior et al. (2009) [15] Local HOG 81 93.5
Huang et al. (2014) [12] Global LPP 52 90.5
Huang (2010) [16] Global 2D2PCA 702 90.5
2DPCA 3024 90.5
Lu et al. (2012) [17] Global DSNPE 90 96
Singh et al. (2011) [18] Global Complex Zernike 124 90.5
Pseudo Zernike 90 89.5
Zernike 28 89.5
Yu et al. (2010) [19] Global Gabor 39 95.3
en et al. (2012) [20] Global PCA 80 93.3
LDA 39 94.5
Abhishree et al. (2015) [21] | Combined Features Gabor + AD 348 95.7
Li et al. (2009) [22] Combined Features PCA+ LDA 40 93
Huang et al. (2015) [23] Combined Features Wavelet + PCA 180 94.2
Wavelet + LDA 180 97.1
Mandal et al. (2009) [24] Combined Features Curvelet + PCA 96.6
Curvelet + LDA 60 95.6
Curvelet+ PCA+ LDA 97.7
Peng et al. (2015) [25] Combined Features GELM 1024 96.3
Fathi et al. (2016) [26] Combined Feature GGZ + HOG 90 98
Proposed Method Combined Features Gabor + Zernike 160 98.5

IVV. Conclusion

This paper has presented the face recognition based on the combination of Gabor filter and Zernike
moment. The Gabor filters with 8 orientation and 5 scales were used for enhancing the recognition rate of
Zernike moment features. Where, the dimensionality is reduced by 32x32 for decreasing the time of execution
and for obtaining a better result as well. From the results, it is concluded that, if the Zernike orders were
increasing or decreasing, the recognition was not fixed. In the order of 4 with all repetition, the recognition rate
was 97.5% in the ORL database. Thus, only four features were extracted from each sub-image by using the
selected Zernike moments of order and repetition. Therefore, the total number of features are 160. The proposed
system was tested on the ORL and Facial Expression databases. The recognition rate on ORL is 98.5% which is
found to be satisfactory as compared to the existing systems.
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