International Journal of Electrical and Computer Engineering (IJECE)
Vol.2, No.3, June 2012, pp. 345~352
ISSN: 2088-8708 d 345
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discriminative power also get enhanced. At last,using BFLD we fuse

Keyword: Gabor phase and Gabor magnitude for face recognitide evaluate our
Face representation method for FERET database. Also, we perform comparaxperimental
Eisher’s linear discriminant studies of different local patterns.
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1. INTRODUCTION

Face recognition is one of the most typical apfilices in image processing. Its used in many areas
such as entertainment, information security angeillance [11]. In last few decades, numerous agpgiies
have been proposed for face recognition and pregsesade. But still many challenges remains dug to
very small person to person variations and vanatiarising due to illumination, pose, expressioth axany
other factors.

l Input face image

| Face Detectic |

Normalized image

| Face Representati |

v [mage features

| Face Classificatic |

Figure 1. Typcal face recognition system.
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Basically, in face recognition, therearethree nwages: faaetedion, face representation and face
classification. The most important stage is fagrasentation shown in Fig. 1 The key for the susfteface
recognition is to get internal representation friira normalized face images. Image representatioists
of two procedures face design and feature extnactio

Face design generate face descriptor from oneifaage using some signal processing technique
(e.g., Gabor wavelet [4], Local binary pattern (DBP]). And feature extraction generates low-dimenal
features by applying subspace analysis (e.g., BEhcomponent analysis (PCA) [7], linear discriani
analysis (LDA) [2].

In earlier years, geometrical features (e.g., neisith and length, mouth position and chin shape)
and image template were widely used for featurégde8ut they are easily affected by variation atiél
appearance. Later on, feature design done in frequdomain or wavelet domain attracted much atenti
for face recognition, such as discrete cosine foanms(DCT) [12], discrete wavelet transform (DWT][and
Gabor wavelet [4], [5]. But the face representatisimg Gabor wavelet is well known and more sudoéss
Recently, few good methods like LBP, local Gabaraby pattern (LGBP) [9], and histogram of Gaborggha
pattern (HGPP) [8] are proposed which are calledllGabor pattern in this paper.

In this paper a novel approach for face recognitismg 2-D Gabor wavelet, LBP and LXP for
feature extraction and BFLD for feature dimensieductionis proposed.

The rest of the paper is organized as follows: i8e@ gives the related work. Proposed method is
explained in Section 3. Experimental results apsred in Section 4 and conclusion is given in 5acs.

2. RELATEDWORK
In this section, we firstly describe Gabor wavekgiresentation, LBP and LGXP respectively in 2-
A,2-B and 2-C and comparison between local pattier@sD.

2.1. Gabor Wavelet Representation

It was originally introduced by Dennis Gabor foDl1signals and Daugman extended the Gabor
filter for 2-D. The Gabor filters are band passdufar feature extraction. Gabor filters similar$dFT or
windowed Fourier transform, have both frequenced@le and orientation-selective and have optiroait j
resolution in spatial and frequency domain.

The 2-D Gabor filter is sinusoidal plane of parté&cufrequency and orientation, modulated by a
Gaussian envelope. Typical Gabor features, sudbadwr feature spacgnsists of response calculated by

Gabor filters at several different orientations aedles (frequencies): a filter bank. A Bank akfi is used
with different orientations so as to extract freqgye information and hence the features at different
orientations,since all facial features are not @nést same orientation. Scaling is done at eaemtation so
as to get maximum frequency information at eachrntation i.e., orientation and scaling helps inmaoting
maximum frequency information.

A 2-D Gabor kernel is given by,

2 .
U (2) = %e—(nku,vnzuznz/wz)[elk,wz —e79%/7] 1)

wherey andv defines the orientation and scale of Gabor keraets (x,y), ||. || denotes the norm operator
and wave vectok,, , is defined as follows:

kyy = kye' P )

wherek,, = kp.../f and pu = wu/8. k,,4,is the maximum frequency arfdis the spacing factor between
the kernels in frequency domain.

A filter bank consisting of several filters needkie used because relationships between responses
provide the basis for distinguishing objects. Theestion of discrete rotation angles is such thwe t
orientation must be spaced uniformly.

ou=2t  u=1{01,..,n-1} 3)

n
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wheregu is ut" orientation ancu is the total number of orientations to be used. Gtmputations can t
reduced to half since angle of responm 2r] are complex conjugates on responses0 n] in case of real
valued input.

Frequency selection is given

k,=f"Vkne ,v={01,..,m—1} 4)

Useful values fof includesf = 2 for octave spacing anfi= v2 for half octave spacin

The Gabor kernels in (1) all are <similar since they can be generated from one kerneintitber
wavelet, by scaling and rotation via wave ve k,,. Each kernel is a product of a Gaussian envelopk
complex plane wave, while the first term in squarackets in (1) determines theusoidal part of the kern
and the second term is used to get zero DC respioas make Gabor filter insensitive to backgro
luminance levebdetermines the ratio of Gaussian window width teelangth
Gabor wavelets of five different scalv = {0,1,2,3,4}, and eight different orientatiolx = {0,1,2,3,4,5,6,7}
are used for feature extraction. Therefore, arfilenk consists of 40 filte
with half octave spacing in radial direction ancearctave spatial bandwidth, fo = 2x, k4, = 7, and

f=v2

2.2. Local Binary Patterns (L BP)

The LBP operator assigns a label to every pixel aof imag by thresholding the X3
neighbourhood of each pixel with the center pixalue and considering the result as a binary nurnfmm
example, as shown in Fig. 2,L1010011" is the designed pattern of the centezlpBy applying the LB.

85 199 | 21 1 1 0
Threshold
54 | 54 | 86 | ————p| | 1 Binary: 11010011
Decimal: 211
57 112 13 1 0 0

Figure 2.LBP operator define din3 neighbourhood.

Operator to one facial image, one pattern map @ndmputed. Then, the pattern map is ed
into many block and theihistogramis computed in each block and concatentigdther to form th
description of the input facial image |

2.3. Local Gabor XOR patterns (L GXP)
The basic idea of this method is tl as shown In Fig. 3the phases arfirstly quantized into
different ranges and then LXP operator is appleethé quantize phases of the central pixel andoli &s

176 | 184 | 189 122 ol 1|1
Quantize XOR

137 145 | 108 [—» 1 1 1 > 0 0

315|210 | 113 32 |1 1 1|0

Binary:01100110
Decimal:102

Figure 3. Example of thencodin¢ method of LGXP where the phasejisantize: into 4 ranges
Finally, the resulting binary labels are concatenated togeth#ne local pattern of the central pi

2.4. Comparison with Other Local Gabor Pattern

There are various ways to get local Gabor patt€hesreal and imaginary part of Gabor follow
by LXP operator gives ReEGPP and Im_LGPP [8] respectively. The magnitude paGabor followed by
LBP give LGBP_Mad9] and phase part of Gabor followed byboth LBP aXé gives LGBP_Pha[10] ar
LGXP respectively.

A Novel Approach for Face Recognition using Fusibhocal Gabor Pattern (Santosh Rand




348 O3 ISSN: 2088-8708

3. PROPOSED METHOD

Face recognition system is showr Fig.4 consist of face detection, feature extractowl face
classification. In face detection, all the face g®a are aligned based on the manually located eyers
provided by the original database, and then nomedlio 8(X88 pixels. For feature extraction Gabor filts
and then local binary patterns(i.e., LGBP and LGAR) use(

Input Face Feature Dimensior
Face > detectiot extraction Reductiot
image

J

Recognize Recognition Fusion
faceimage «—— Face Clasificatior

Figure4. Blocked diagram of face recognition system

For a feature extraction, Gabor kernel convolvetth tie input imag:
H(Z) = Ipu,v (Z) * 1(z) (5)

where H(z) is the convolution result, ., (z) is the Gabor kernel(z) is input image is convolution
operator and = (x,y).

Normalized Face
Image (80x88)

v

Input Image Gabor LGBP
* —> Feature | — &
Convultion /]\ LGXP

40 (_Sabor ImEE 8 LBP & LXP
Filters operator

——— NN
EEEONNMOEE
=N-N-R/N R

Figure5. Steps involved in feature extraction

Then LBP and LXP operator operates on differentdgalarts (i.e., real, imaginary, magnitude
phase) which gives LGBP and LGXP shown in F

The proposed LGXP descriptor can be directly applie face recognition system using
similarity measurement. However, this is not goadwgh since the feature dimensi(i.e., m x 40 x 2P)
is very high due to multiple Gabor filter (e.g., #0this study). In theory, to reduce dimensionalite car
apply FLD directly; but, in case of so h-dimensional feature, FLD suffers from heavy “snsainple sizt
(SSS)” problemSo, further we present bic-based FLD (BFLD) approach.

The basic idea of BFLD is firstly to divide the h-dimensional LGXP descriptor into multip
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feature segments (corresponding to different spatizcks in the face image), then apply FLD to each
segment, and finally combine the decisions of lal block-wise FLD. By such a “divide and conquer”
strategy,the SSS problem is greatly weakened sheelimensionality of the input feature for eachDFis
much lower.

Fig.6. Flow chart of the BFLD feature extractiorpegach

Figure 5 illustrates the flow chart of the BFLD apgch. Briefly speaking, for each face image, we
firstly calculate its multiple LGXP maps. Then, @iwide these pattern maps into multiple non-ovegiag
blocks and then we take histogram of each block eadcatenate and calculate the block based
representations. Based on the training set, we lib@r FLD matrics to calculate the low-dimensidieatures
for each block.

Gabor }
Gabor filters, )
=T

™\

| O -

Block-based
Representatio
Block partitioning with
M=4x4, K=2x2

!
Sub-block partitioning for cach =

pattern map with m= 8x8 44—

Histogram concatenating for the

bottom-right block with K=2x2
(b)

(a)
Figure 7. Fusion of LGBP_Mag and LGXP. (a) Feataxelfusion.(b)Score-levelfusion.

The block partition strategy shown in Fig. 7(a) f@8XP and in Fig. 7(b) for BFLD approach. In
LGXP the pattern map is directly divided into sub-blocks but; while in BFLD pattern map divided M
blocks and each block partitioned int® sub-blocks and better representation is obtainsthg only one
histogram.

At last, fusion of LGBP_Mag and LGXP required. Ttveo fusion approaches are described in
detailsas follows.

1. Feature-level fusion. As shown in Fig. 8(a), for thé" block, we represent it as one vector by
concatenating its LGBP_Mag histograms and LGXPofgistms. Then by using BFLD approach
calculate low-dimensional feature vector Fi. Foe Ballery block/?and its corresponding probe
blockI?, the similarity between them is calculated asofol:

s(1?,17) = sim(F?,FF) = R (6)
Lo Lo HEZILIER I

2. Score-level Fusion. As shown in Fig. 8(b), from the two sequences‘®fblock, Hi6pp_mag,: and
Hygxp,i» We respectively extract their low-dimensional FldaturesF,ggp mag,; @NdFgxp;- Then we
respectively computes two similarities between @glery blockI? and its corresponding probe
block 17 namerSLGBPMag,i andS;;xp;.Finally, these two similarities are fuse togethecording to
weighted sum rule,

S(Iigflip) =w. SLGBPMag,i + (1 —w).Siexpi

where w denote the weight of LGBP_Mag and varigkiwi[0,1]
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Calculate
FLD Similarit
Block; | —p{ [HiBP_magisHigxp,lj=——pp] Fi 2 Si
(@
Calculate
FLD Similarity
Hi68p \ag i——|FLGBP Magi S1GBP Magi .
- use
Block; Calculate S;
R [ Similarity
Higxpi +—| Froxei F———p| Stoxei

(b)

Figure 8. Fusion of GBP_Ma¢ and LGXP. (a) Feature-levelfusion. @}ore«levelfusion.

The similarity betwen thr Gallery and Probe faimagesis calculated by fusing the similaritie:
corresponding block according to the sum rule

39, 1P) = LM, SU9, IP) Y]

In face classification, for recognize the input nokn face image is usually classified as the
which is most similar to input one, if the maxinsahilarity occurs facis recognizec

4, EXPERIMENTAL RESULTS

In this paper the FERET database is used. Forlsle&lfer [6] In our experiments, based
standard gallery (1,195 images of 1,195 subjeats)test the recognition rate of our approachesherfdaur
probe setskb (1,195 images of 1,195 subjects), Fc (194 imafd94 subjects), Duplicate | (abbreviatec
“Dupl”,722 images of 243 subjects) and Duplicatédbbreviated as “Dupll”, 722 images of 243 subje:
All face images are normalized tox88 pixels andhe size of Gabor filter window is set tox32 pixels.

Tablel. Recognition Rate with Local Gabor Pattern
FERET Probe Sets

Method: Fb Fc Dupl Dupll
LGBP_Ma¢ 96% 96% 74% 70%
LGBP_Ph 97% 97% 80% 79%
Re_LGPI 98% 99% 80% 78%
Im_LGPF 98% 99% 76% 73%
LGXP 98% 100% 82% 83%

Table 2. Recognition Rate Combination With BFLD
FERET Probe Sets

Method: Fb Fc Dup | Dup Il
LGBP_Mag+BFLL 99% 99% 91% 91%
LGBP_Pha+BFLI 99% 99% 88% 86%
Re_LGPP+BFLI 99% 100% 91% 87%
Im_LGPP+BFLL 99% 100% 90% 88%
LGXP+BLFD 99% 100% 92% 91%
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Table 3. Recognition Rate With Fusing Different GaParts
FERET Probe Sets

Methods Fb Fc Dup | Dup Il
S[LGBP_Mag+LGBP_Pha] 99% 99% 92% 92%
S[Re_LGPP+Im_LGPP] 99% 100%  92% 89%
S[LGBP_Mag+Re_LGP]P  99% 99% 93% 91%
S[LGBP_Mag+LGXP] 99% 99% 93% 92%
S[LGBP_Mag+LGXP] 99% 99% 94% 93%

The results of all experiments are shown in Tahl@ &nd 3. First, the proposed LGXP method
performs best in case of Fb and Fc but not for Bunal Dup Il. The interesting improvement can baéeacd
in second method i.e., BFLD with local Gabor patteespecially in case of Dup | and Dup Il. Thedhir
method fusion of LGBP_Mag and LGXP leads to begtrowement and specially f6{LGBPy,4 + LGXP].

5. CONCLUSION

In this paper, we have mainly work on Gabor phaserination, as well as its fusion with Gabor
magnitude. By using local patterns we encode tHeoGphase called LGXP. Then we introduce BFLD and
studied the fusion methods of different local pateof Gabor features. These methods achieve hbmtter
comparable results than the best known ones.
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