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Abstract: In this paper, we propose a new apprdaaiecognize 2D faces. This approach is based perements
performed in the field of cognitive science to urstiend how people recognize a face. To extractifest
the image is first decomposed on a base of wavelstsy four-level Difference Of Gaussians (DOGS)
functions which are a good modeling of human visyatem; then different Regions Of Interest (RQI®)
selected on each scale, related to the cognitithadene refer to. After that, Local Binary Patte(hBP)
histograms are computed on each block of the ROdscamcatenated to form the final feature vector.
Matching is performed by means of a weighted distaliVeighting coefficients are chosen based ontgesu
of psychovisual experiments in which the task assiigto observers was to recognize people. Proposed
approach was tested on V2 database and experimessialts prove its efficiency when compared to
classical face recognition algorithms.

1 INTRODUCTION The rest of the paper is organized as follows. In a
first part we present the bio-inspired work on whic

Human face recognition remains one of the mo&/e Were based to build our method. Then we give
active areas in security and surveillance appbeati SOMe indications about the data and the evaluation

since it is non-invasive and requires less usdfotocol we use to evaluate the proposed algorithm.
cooperation. Most classical approaches for facg€ third part describes the proposed bio-inspired
recognition are holistic appearance-based ones sU@§€  authentication. ~ Experimentations  and
as Eigenfaces and Fisherfaces (Belhumeur, 1997). @mparative results are reported in the fourth.part
another hand, local feature-based approaches, likd'ally, we conclude and give some ideas for future
Gabor (Li & Jain, 2005) are believed to achievehhigWOrks:

accuracy. Both of them perform well in controlled

environments;  however, their  performances

drastically drop when variability like quality, pps 2 WHY A BIO-INSPIRED

anq illumination occur. Therefore, new solutions ar APPROACH?

being suggested to overcome these challenges. Many
of them were based on combining conventional : :
algorithms and brought quite good results (Mellakhée Recently Sinha et al. proposed to take into

] . ) ) ccount the knowledge about the ways people
2009; Zhang & Jia, 2005; Su 2009). Since arounficognize each other (Sinha, 2006). They detailed
2005, a lot of studies in the field of face recaoigmi

» . nineteen important results regarding face recogmiti
?ﬁﬁgnzu?gfls;u"y the “Local Binary Patterns (LBP)py hyman. In former studies, Gosselin and Schyns

. . roposed a bio-inspired technique called “Bubbtes”
Now, results of face recognition aIgont_hms Geveal the use of information in recognition tasks

almost.around the same values. Improving thes?osselin 2001). To this end, they run a set of

results is the goal of new methods. So we propose xperiments on participants (human observers) that

explore the work of some psy(;hologists to help thﬁad to identify or categorize a set of faces basey
developr_nent of automatic algorithm based on tekturgn randomly revealed portions of these face images.
and multispectral analysis.



To build the stimuli presented to the observers,
Gosselin et al. started by using a Laplacien Pydami
that decomposes an image into six frequency bands i
the Fourier domain leading to six scales in thdiapa
domain (figure 1b). Revealed portions of faces were
then obtained by randomly sampling the filtered
images with gaussian functions, called BubbleserAft
all the observers have answered to the stimuli that
were present during the experiment, it was possible
analyze where the information leading observers to
give a correct answer was. Figure 1c shows, foh ea€igure 2: Left: Significant regions for recognitidask.
scale, these areas. Then in figure 1d, we see wi@ight: bars indicate the proportion of significaritgts in
parts of the face have been useful, at each scale, the four first scales (Schyns 2002).
the recognition task. Figure le is a reconstructibn
the five scales of figure 1d.
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3 THE IV2 DATABASE AND THE
EVALUATION PROTOCOL

In biometric studies, it is very crucial to have a
big set of data on which the efficiency of proposed
algorithms can be evaluated. Some databases are
available but they don't offer enough data either i
number or in variability. The 1V2 database was
designed with the aim of proposing multiple test
situations to allow evaluation with regard to
variability well known to be critical for the biortree
systems performance, such as pose, expression,
illumination and quality (Figure 3). The V2 dataiga
has been realized during the Techno Vision program
and has been supported by the French Research
Ministry in collaboration with the French Ministof
Defense.

The  publicly available IV2  database
Figure 1: Application of Bubbles; a) Initial image) Five (http://Isc.univ-evry.fr/techno/iv2/PageWeb-
different scales of a) ; c) Bubbles applied to escdle; d) [V2.html) allows monomodal and multimodal
Revealed information of b) by the bubbles of c). epxperiments using face data (2D and 3D face images,
Stimulus resulting by integrating pictures in d)ofSelin o stereoscopic face images and infrared iris
2001) images). It contain815 subjects with one session

To revel which frequency bands were the modiata wherer7 of them also participated to a second
discriminative for face recognition (achieving aa$t session. From this database, a subsé2adubjects,
75% of successful recognition by observers), Schyrlistributed as a development set, constitutes thiso
et al. (Schyns, 2002) run a study on the propostin training set.
face area that was efficient in each of the five As a closing stage of the IV2 project, an
frequency bands already sampled by Bubbles (Figugyaluation campaign was performed involving iris
2). Results demonstrated that the third scale Wwas trecognition, 2D and 3D-face recognition and also
most discriminative followed narrowly by the fourthmultimodal recognition. In the 2D-Face evaluation
one. It also has been noticed that the fifth scide (Petrovska, 2008), the strategy of having “one
not contribute in any of the identification nor thevariability” at a time was adopted in order to exaé
categorization tasks. how challenging variability - related to illuminati,

Furthermore, experiment results confirmed thagxpression, quality or multi-session images - can b
most of the face regions were important foifor the biometric systems.
recognition. Specifically, the region of eyes whe t In this evaluation campaign a set of more than
most important one as it is present in all scaled5000images were tested through four experiments.
followed by the mouth then the nose. The first three experiments are monosession (all




images were collected in a unique session). _x24y? _xPy? 1)
Experiment 1 includes neutral faces and small DOG(x,y) = Cyexp 2ma® — (rexp 2mo*a®
expression variations. Experiment 2 tests illumomat wijth C,, C, ¢ and a are fixed constants following
variations and Experiment 3 tests quality variationpsycho-visual experimen{€,=1.8, C,=0.8, 62=2.25)
Whereas Experiment 4 includes multi-session imagegs shown by Schor et al. (Schor 19&8is the scale

that were collected in three different sessions. of the DOG.
Expression variability :
(1.2) (L.b) (L.0) 4.2 Local Binary Patterns (LBP)
F | F
. [ The original LBP operator was first used in texture
' k L analysis in 1999 (Pietikainen, 1999). It is a sienpét
= — - effective non parametric descriptor that labels the
llumination variability pixels of an image by thresholding &x3
(2.a) (2.b) (29 neighborhood of each pixel with the center valug an
considering the results as a binary number called
A Local Binary Pattern (see figure 4).
Quality variability o Thvesnold o\ e
(3.@)High quality DVCAM  (3.b)low quality WEBCAM e Jolo ]
LBP decimal
8lgi &)
l M Figure 4: An example of LBP operator (P=8, R=1).

Figure.3. Examples of variability related to (L)a-c Ojala et al. later madg an extension of the orlgina
expression, (2.a-c) illumination and (3.a-b) qualit operator to allow any radius and any number oflpixe
in the neighborhood (Ojala, 2002). The notation

Five appearance based methods were evaluated 198P, . denotes an LBP with a neighborhood Rf

the V2 database. Details about the algorithms ar I d l int ircle of radi
given in (Mellakh, 2009) and comparative results ar&qua Y Spaced samping points on a cire’e or fmci

. R. It can be expressed in decimal form for a given
shown in Table 4. pixel at(x, y.) as:

P-1

4 PROPOSED METHOD LBPp(xcyc) = Z 2'6(9: — 9o )
i=0

~ The proposed method is based on four stepgherei runs over theP neighbours of the central
First, wavelet decomposition is performed. Thenpixel g, andg; are the gray-level values of the central
Regions Of Interest (ROIs) are selected on eade SCapixel and the surrounding pixelg; is of coordinates
related to Goss_elln s analysis (Gosselln, 2001_)enTh ((-Rsin(2:/P), Rcos(zi/P)) if the coordinates ofy
LBP operator is computed on each filtered imageye (0,0). Jx) is 1 if x >0 and0 otherwise. Figure 4
Finally, matching is performed by computing aghows an example of an original LBP
weighted distance between request and stored images afer labeling an image with an LBP operator, the
Weighting coefficients were set according t0 th@istogram of the labeled image is computed giving a

importance of scales and areas. In the nextgp operator which can be exploited as a texture
theoretical background is presented before de@ﬁ'“rljescriptor. TheLBP; & produces2” different binary

the proposed approach. patterns that can be formed by tRepixels in the
) ) neighbor set. This leads 256 patterns for LBR;.
4.1 Difference Of Gaussians (DOG) Some variations of the original LBP have been

. developped. The most known of them are the rotation
Rodieck and Stone showed that the responses jg{jariance LBPX' (Pietikainen, 2000), the uniform
th_e retinal ganglion _cells cou_ld be modeled by Battern LBP? (Maenpas, 2000) and the rotation
Difference Of Gaussians function (DOGs) (Rodieck. o riant uniform pattern LBB? (Ojala, 2002).
& Stone, 1965. To go in the same direction anthat Recent studies (Huang, 2011) demonstrated that more

same time, explore Gosselin and Schyns results o L
used a DOGs filter instead of Laplacien Pyramide Tf?‘%‘” 90% of the d|scr|_m|nat|ve patterns for
representing faces were uniform.

DOG's filter formula in image plane is given by (1)



4.3 Chi-Square distanceX2) an example of 428x128face image where the ROIs
of each scale are subdivided infil6x16 blocks
To measure similarity between two LBPleading to a total of182 blocks where LBP
histogramsH; andH, of two imaged; andl,, we use histograms (of size59 in case of LBP? are
Chi-Square distancg? that has been widely used incomputed then concatenated into a single feature
face recognition (Huang, 2011), given by thevector (of sizel0738in case of LBP?) as illustrated

following formula: in Figure 5e.
(Hli - HZi)2
2 —
x“(HyHy) = ) ————— 3
(Hy, H) - (Hy; + Hyy) 3) ; /g
i is the elements’ index ofl; andH.. ' r
i 1tscale 27 seale 3dscale 4™ scale
4.4 Implementation e e s
b) - '
XX o -
Here are given the different steps of the proposed e 1l e e s

method, starting by feature extraction from 128x128

normalized face images through DOG filtering, then P
LBP calculation on ROIs subdivided into blocks and 9 »
finally ending by matching by means of weighted te 3

Chi-square distance.

4.4.1 DOG filtering b

In this work, wavelets are performed through a
direct calculation in Fourier plane using the atialy
formula of the DOG (Eg. 1): each image is e} L
decomposed at the input of the algorithm into four
frequency bands, each containing one octave. Figutyure 5: Different steps of proposed method. aialn
5b presents the results of such a decompositigiage b) Result of DOG application into four scabds
performed on the original image 5a. The four scalé8OIs of each scale d) Application of LBP and subiivis
used are equal to 1, 2, 4 and 8. into blocks e) Histogram computation on each blackl

concatenation of all histograms to get the finatoe

4.4.2 Regions of interest selection (ROIs)
4.4.4 Matching by weighting ROIs and scales
The first application of the bio-inspired approach
in the proposed method consists in focusing only on The second application of the bio-inspired
the discriminant regions of each scale, based en thpproach in the proposed method consists in
results found by Gosselin et al. (Gosselin, 2001).  considering the importance of each ROl and each
In fact, their studies state that for the firstleca scale in the recognition task realized by obserirers
participants focused only on the eyes and moutBchyns et al. work (Schyns, 2002). To this end,
regions; for the second scale, they added the noseeighting coefficients were introduced in the Chi-
while for the third and fourth scales they usedilsdl  square formula given by Equation 4:
face regions in the recognition task. The ROIs
selection is illustrated in Figure 5c. Xoeigne(H1, Hz) = ZWsZWrZZ(Hsz) (4)

4.4.3 LBP application on ROIs where w, and ws are, respectively, the weighting
. coefficient of each regionand of each scake
Once the regions are chosen, they are labeled with 1o assignment of weights was guided by the
an LBP operator then subdivided into nOMgings in (Schyns, 2002). These findings stat,th

overlapping sub-blocks. Histograms of the labeleﬂccording to regions, the eyes were the most

blocks are then calculated and concatenated intoirﬁportant followed by the mouth than the nose; @il

single histogram constituting the final feature toec according to scale, the third scale was the most

This representation allows capturing both locajjiscriminative one, followed narrowly by the fourth

texture (LBP, sub-block division) and global shap@ne: the first and second scales having less infieie
(histogram concatenation) of face. Figure 5d shows, ihe recognition task.



5 RESULTS AND DISCUSSION Results of the last two configurations in Tablengws
that significant improvements were provided by gsin

In this section, the influence of a non exhaustiv@NlY Plocks of ROIs. The gain in terms of EER goes

list of parameters related to the proposed bioiiagp UP 10 8.5% in case of Experiment 3 which deals with

method is firstly presented. Then, a comparisor witquality variation, when using 32x32 blocks.

other algorithms performed on 1V2 project is brough o

The results are reported with the Equal Error Rate.3  Improvements by weighting ROIs

percentage (EER). and scales

5.1 Choice of LBP variant Four strategies of weighting in the Chi-square
distance were tested. Weights were attributed

A first set of experiments has been conducted tempirically with reference to Schyns et al. studies

see which LBP variant was the most discriminant iThe kept weighting coefficients are as follows:

the face authentication task. Three extensionsB# L « According to regions0.6 for the eyes.2 for the

operator were tested on the four V2 experiments, mouth,0.12 for the nose an@.08 for the rest of

besides the original LBP. Results in table 1 are in regions.

favor of LBP as stated in many works in the. According to scalesd.05 for first scale,0.1 for

literature (Huang, 2011). second scale(.45 for third scale and0.4 for

Table 1: Comparison between LBP variants. Applicatio fourth scale.

4-scale DOG filtered ROIs divided into 16x16 blocks. Table 3: Influence of the weighting strategy.
LBP variant Expl Exp2 Exp3 Exp4 ighti

LBP 5.1 (0.7) 16.2(x12) 21.4(:16) 16.9 (+1.5) \s/\tlggerg;ng Expl — Exp2 Exp3 Expd
Lep® 5.9 (:08) 18.1(x1.3) 22.7 (+1.6) 16.6 (x1.4) No weighting 4.0 20.6) 15.8 (+:15) 17.3 (¢15) 17.1 (+15)
LBP Y 4907 16.0(12) 2086 165(:14)  \weighting

LBp RIU2 5.9 (:0.8) 185 (#13) 23.0(#L.7) 16.9 (1.5 scales 4.0 (+0.6) 16.1 (x1.2) 18.1 (x1.4) 17.6 (1.5

Weighting ROI 4.1 (x0.7) 15.6 (x1.2) 15.7 (#1.4) 16.6 (x1.4)

5.2 Choice of block size and ROls Weighting

el o 16 3.7 (206) 15.2 (+1.2) 12.8 (+1.3) 16.7 (x1.4)

A second set of tests was carried out to see
whether it was better to keep the filtered images

Table 3 shows that weighting both scales and

thei tiret inout for LEBP hist ?egions achieved the best results for almost all th

€ir entirety asan nput for nistograms experiments, especially for Experiment 3 (quality
computation or to split it into blocks. Differentolsk variation) where enhancement reaches®% of EER

sizes were tested in this experimentation. Only thgenan compared to unweighted strategy.
three best configurations are shown in Table 2; i.e 1o symmarize, the optimum parameters of the

entire image;16x16 blocks and32x32 blocks. It can proposed bio-inspired method are to filter the
be seen, that splitting the filtered images intocké  normalized128x128face images by 4-scale DOG.
improves the results sensitively. Then, compute LB¥® histograms on eacB82x32
Another set of tests was run to prove thélock of the Regions Of Interest and concatenate
importance of the bio-inspired approach based ahem into a single feature vector. Afterward, parfo
ROIs rather than the totality of blocks on eachesca matching using Chi-square distance weighting both

Table 2: Results of five configurations of LEP scales and regions.

application, including block size variation and ROls

selection. 5.4 Comparison with IV2 evaluation
Blocsize Expl Exp2 Exp3  Exp4 cam paign
. 27.3 31.6 29.2
LBP - 7.0 (0. o
oo G0 @9 @y e1p To evaluate the efficiency of the proposed

16 49 @0y L4 248 150 algorithm, comparison with five other algorithms

LBP all blocks ¢13) D@9 ysing the same 1V2 database and protocol is predent

2 areon 97 28 13 in Table 4 (Mellakh, 2009). According to these

60 208 105 results, proposed algorithm provides the best t®sul

LBP blocks 16 49607 1o hie 1) in Experimentl including small expression variation
on ROI 158 173 171 It occupies the second place in Experiments 2 and 3

32 4.0 (20.6 . . . . . . . . .
#00 1y s 19 involving illumination and quality variations; aiiids




placed third when faced to multisession variation i REFERENCES
Experiment 4.
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