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ABSTRACT

To increase the success rate of face recognition, a local entropy-based
adaptive-weight Local Binary Patterns (LBP) for face recognition is
proposed inthis paper. The entropiesof different facial regionsare adopted
to define the contributions of different facial regions for face recognition
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adaptively, and then, weight-based method isadopted for face recognition
in this paper. Simulation results show that this method has a high success

rate of face recognition.

INTRODUCTION

Compared with other biometricidentificationtech-
nologies, face recognition hasdistinct advantagesdue
toitsnon-invasivenessand user-friendliness. It hasbeen
oneof themaintargetsof investigation for researchers
inbiometrics, pattern recognition, computer vison, and
meachinelearningcommunities Commerdd gpplications
of facerecognition technol ogiesinclude accesscontral,
automated crowd surveillance, face reconstruction,
mugshot i dentification, human-computer interaction,
multimediacommunication™. For decades, many face
recognition al gorithms have been proposed, such as
Princpa ComponentAnadysis(PCA)?2, Linear Discrimi-
nantAnalysis(LDA)®, Loca Binary Pattern (LBP)*
19 and so on. The LBP method was proposed by Ojala
in 1992, and it has been considered high efficient and
immunetoilluminaionvariations Theuseof higograms
asfeaturesd so makesthe L BP approach robust toface
misalignment and posevariations¥. In order toreduce
the cost of cal culation and improvethe robustness of
LBP, Ojaaet d. proposed uniform LBPand Rotation
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Invariant LBP®- The original LBP face recognition
method computes s mplehistogram similarities, how-
ever, it only consderstheglobd information of theface
andlosesthe spatia information of facid regions, and
thus, Multi-Block LBPfacerecognition attractspeople’s
attention. Thismethod givesthe sameweight to each
region, andignoresthefactor that somefacial festures
(such aseyes) play amoreimportant rolein humanface
recognition than other features™. Zhao et d. proposed
an adaptive-weight LBP-based face recognition
method®. Thismethod considersthevarianceof train-
ingfacial imagesastheweight and it increasesthesuc-
cessrate of face recognition to acertain extent, how-
ever, thisweighted method costsalot of timein calcu-
lating theweight of each sub block, especialy whenthe
number of trainingfacid imagesishuge.

In order to increase the success rate of facerec-
ognition under occlusonand variaionsinillumination
and posewith small sample, an adaptive-weight LBP-
based face recognition algorithmis proposed in this
paper. Inthisalgorithm, afaceimageisdivided into
severa non-overlapping regionsof the samesize, and
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Figur 1: Original LBP operator

entropies of each region are assigned to each region
of thefaceto weight different facial features. Thisal-
gorithmtakesboth loca information of faceimageand
gpatid information of facia organsinto consideration.
Simulation results show that the proposed method in
this paper has increased the success rate of human
facerecognition.

LOCAL BINARY PATTERN DESCRIPTOR

Theoriginal LBP operator worksin a 3* 3-pixel
block of animage. The pixelsinthisblock arethresh-
old by its center pixel value, multiplied by powers
of two and then summed to obtain alabel for the
center pixellll. The specific calculation processis
shown in Figure 1. By applying LBP operator to
each pixel of animage, we can obtain a series of
LBP codes. These LBP codes are used to make
histogram for theimage. Thishistogram containstex-
ture features of theimage.

However, for afacia image, thishistogram only
containsthe global texture information of the face
and loses spatial information of facial organs. To
codify thetextureinformation whileretainingasotheir
locations, thefacia imageisdividedinto severa sub
blocksand LBP descriptors are extracted from each
sub block independently. These descriptorsare then
concatenated to form aglobal description of theface,
asshownin Figure 21, A spatially enhanced histo-
gramisused to gather information about LBP codes
inall sub-blocks.

Another reasonfor dividing theimageinto severa
sub blocks and extracting LBP descriptorsfrom the
sub blocksisthat sub block-based face recognition
method outperforms holistic method under occlusion,
variaioninillumination, pose, and expression.

Yy
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LBP histogram

Figure2: LBPhistogram

WEIGHT OF EACH SUB BLOCK

Although theresultsof the sub bl ock-based method
are better than the results of holistic method for face
recognition under occlusionand variationinillumina
tion, therearedtill effectscaused by occlusonand varia:
tioninillumination on recognition result. Those occlu-
sonandvariationsinillumination arenct globa andjust
gppear insmd | partsof thefacia images. Toreducethe
effect of the corrupted sub block caused by occlusion
and variationsinillumination on recognitionresult, an
effective way isto givethe corrupted sub block low
weight for classfication.

Weight based on variance

In®, ZHAO et a. take the variance of sub blocks
inthesameposition of dl thetrainingfacia imagesas
theweight of the corresponding sub blocksin probe
image. Firstly, al thetraining facid imagesaredivided
into m* m non-overlgoping equa-sized sub blocks. Then,
the mean sub block of each position are calcul ated.
Finally, theweight of sub block in each positionisob-
tained by using the equation asfollow:
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Var* =%-[id(s“.s“)] ®
i=1

Inwhich, N isthenumber of trainingfacial images, sk

isthemean sub block of the Kt subblocksof dl train-

ingfacid images, d(S,S*) denotesthedistancebe-

tweenthe i subblock of trainingfacia image § and
the mean sub block. As LBP method is used in this
method, the distanceis expressed by the chi-square
distance between L BPhistograms of thetwo subblocks
The chi-square di stance between the LBP histograms

ht and h2isdefined asfollow:
hl_h2)2
2 1,h2 = ( b b
AULE ) Ny @
Inwhich, p denoted thebinin LBPhistograms pt and

h?. Inthisdtuaion, (1) istransformed to (3):

1 [ ’

Var, =ﬁ‘[z_:lz(hk'hk)]
i=1

Inwhich, i istheLBPhistogram of the k" subblock

of treiningfacidlimage S, and h* istheLBPhistogram

of the Kkt sub block of meanimage.

Thisweighted method is based on thetraining
facia image. Theideaof thisweighted method isthat
the changeful partsof human faces seemto bemore
di scriminative than the changel ess part of human
faces. Thevarianceisameasureto evauatethisva
riety. Therefore, the sub blockswhosevariancesare
high should be given high weight and the sub blocks
whose variancesarelow should begiven low weight.
Thisfacerecognition method increasesthefacerec-
ognition rate compared with original LBP facerec-
ognition method. However, it costsalot of timein
ca culating theweight of each sub block, especialy
when the number of trainingfacia imagesishuge. A
weighted method based on thelocal entropiesof sub
blocksin probeimageisproposed in thispaper, which
costs|esstimeto cal culate the weight of each sub
block and outperform other LBP face recognition
methods.

&)

Weight based on local entropy

Ininformationtheory, entropy isameasureto evalu-
aetheinformation content and it isdefined by Claude
E. Shannonin hispaper “A Mathematical Theory of
Communication” in 19482, Theinformation contentis
theaverageunpredictahilityinarandomvariable, inother
words, the entropy isameasureto evaluate the aver-
age unpredictability in arandom variable. For anim-
age, information content contained inanimageisde-
cided by theintensitiesof theentirepixelsintheimage.
Theintensitiesof theentire pixelsinanimagearemore
variegated, and so theimagewill contain moreinfor-
meation content. That is, theimageentropy isameasure
toevauatethevariegation of thepixel inanimage. The
imageentropy of animageisdefined asfollow:

255

Entropy = > —p,log, p,

x=0

@

Inwhich p, isthe y gray value’sprobability in the
image. Imageentropy isan evauation of thevariegation
of pixelsinanimagebut doesnot contain spatial infor-
mation. Comparedwithimageentropy, local entropy is
moremeaningful toanimage. Locd entropy iscalculated
inasubwindow of animage. Itismoremeaningful toan
imagebecauseit containsthe spatia information of an
image. Thedfinitionof loca entropy issimilar tothat of
image entropy. The only differenceis thet p, is the

x™ gray vaue’sprobability inthe sub block.

Asthe corrupted sub block caused by occlusion
andvariaioninillumination usually present asadark
shadow, theloca entropy of the corrupted sub block
caused by ocdusionand variaioninilluminationisusu-
alylow. Sdectingthelocal entropiesof each subblock
astheweightsof these sub blocks canreducetheeffect
of the corrupted sub block that will |ead to bad recog-
nition result. Another reason for sel ecting thelocal en-
tropy as the weight of sub block is that somefacia
features (such aseyes) play amoreimportantrolein
human facerecogniti on than other featuresand thelo-
cd entropies of human eyesare higher than the entro-
piesof other features (such asnoseand mouth). There-
fore, selecting thelocal entropies of each sub block as
the weight of these sub blocks can increasetheface
recognition rate. Theentropies of different regionsin
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Figure3: Local entropiesof each faceregions

facia imageareshownasinFigure3.

Ascan be seen from Figure 3, local entropies of
the upper facia regionsare higher than loca entropies
of thelower facid regionsintheimage. Thisisbecause
hair and eyes are on the upper part of theface. It also
can be seenthat local entropies of theregionsonthe
right Sdeare higher than those of theregionson thel eft
sdeof theimage. Thisisbecausethefaceinthepicture
turnstotheleft. What themost important fact isthat the
entropiesof eyes(row 2, column 2 and 4intheFigure)
arehigher thantheentropiesof other facid organs. Tak-
ing into account thefactor that eyescontribute morein
facerecognitionand loca entropies of eyesare higher
than other regionsof facia image, local entropy of each
sub block isselected to weight each sub block inthis
paper. Takinginto account the physical meaning of the
weights, thesewel ghtsare normalized to va uesbetween
0 and 1,

CLASSIFICATION

For classification, the best way to classify histo-
gramsisto useahistogram similarity measureto com-
paremode facia image and samplefacia image. His-
togram similarity measuresinclude histogramintersec-
tion, log-likelihood, and chi-square distance, among
which chi-square distanceis adopted dueto theexcel-
lent recognition rate by using chi-squaredistancein our
experimenta results. Thechi-squaredistanceisdefined
asfollow:

- (S§—M,)°

2(S,M) =
22(SM) ; Som ©)

Inwhich Sand M denote (discrete) sampleand model
distributions, respectively. S and M, correspondtothe
probability of bin b in the histograms of sampleand
modd facid images.

Each sub block obtained in section 2 isfed into the
classfier toget preliminary results, thefina recognition
result isbased on these preliminary results. To get the
final recognition result, asmpleand effectiveway isto
weight theprdiminary resultsand sumal of them, which
isshownasfollow:

(Snk_Mbk)z
2(SM)=) W, —=E——2
ZW( ) bZk: ‘ So,k+Mb,k ©

Inwhich, §,, and M, correspond to the probability
of binbinthehistogramsof the Kkt sub blocksof sample
and mode! facia images, respectively. W, istheweight
of regionk obtained in section 3.2, which isgiven by
(4) and normalized.

1) To sum up, the specific dgorithminthis paper
isdescribed asfollows:

2) Dividethetrainingfacia imageinto regions,
calculate L BP histogram of each region, and
concatenateall of themin order to get aspa-
tially enhanced histogram. Savetheresultin
vector a

3) Cdculatetheloca entropy of eachregion, save
theresultsinvectorb .

4) Following step (1), calculatethe spatialy en-
hanced histograms of the sampleimage. Save
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TABLE 1: ORL facedatabase(2imagesfor training, 8imagesfor recognition, regionsn=4*4)

Original Weber’slaw based Variance based Method
LBP weighted LBP weighted L BP in this paper
Accurate recognition number 368 382 380 398
Failed recognition number 32 18 20 2
Recognition rate 92% 95.5% 95% 99%

TABLE 2: ORL facedatabase (4 imagesfor training, 6 imagesfor recognition, regionsn=4*4)

Original Weber’slaw based Variance based M ethod
LBP weighted L BP weighted LBP  in this paper
Accurate recognition number 373 384 381 400
Failed recognition number 27 16 19 0
Recognition rate Recognition rate Recognition 93.25% 96% 95.25% 100%

rate Recognition rate

theresultsinvectorc.

5) Calculate the chi-square distance between the
sampleimage and each trainingfaceimage ac-
cordingto equation (6). Use d, todenoteit.

6) Compareadll theweighted chi-squaredistance.

Choose the minimum chi-square dis-

tance y, { S,M, ), so the sample image be-

longsto classn. Then, display therecognition
result.

EXPERIMENT RESULTS

Inthispaper, the process aboveisachieved on PC
using OpenCV programming. The successrateof face
recognition isobtained by smulaing ontheUniversity
of Cambridge’s ORL face database. The PC systemis
Windows X P 2002, the programming environment is
VC6.0,CPUISINTEL 13, andthememory is2G The
ORL facedatabase includes 40 persons’ faceimages
and each person has 10imageswhichincludestiny fa
cia expressionsand post variantswithin the scal e of
20%. Inthisexperiment, thefacia imageisdivided into
4* 4 sub blocks. To assessthe effect of different scales
of model classesto recognition rate, the experiments
based on different scales of model classes are con-
ducted. To verify the effectiveness of the method pro-
posed inthispaper, it iscompared with original LBP
method and other weighted LBP methods (such as
Weber’s law based weighted LBP*4 and Variance
based weighted L BP method). Thesimulation results
arelistedinTABLE 1and TABLE 2.

BioTechnology —

AscanbeseenfromTABLE 1and TABLE 2, the
number of trainingimagesinfluencesthesuccessrate of
facerecognition. Themorethetrainingimagesare, the
higher the successrate of facerecognitionis. The suc-
cessrateof facerecognition of thethreeweighed LBP-
based methods has been increased compared with the
successrate of facerecognition of origina LBP-based
method. Among these three weighted methods, the
method based on Local Entropy-based Adaptive-
Weight LBPoutperformsthe other two weighted LBP
methods.

Simulation results show that the proposed method
hasas gnificant effect onincreas ng thesuccessrate of
facerecognition. Thisisbecause the proposed method
hasthefollowing three advantages. First, it takesinto
account theideatheideain psychological theory that
somefacia features(such aseyes) play amoreimpor-
tant rolein human face recognition than other features.
Second, it takesthe meaning of entropy ininformation
theory into consideration. Third, it considersthefact
that the corrupted sub blocks are more probable to
resultinawrong recognition.

CONLUSION

Inorder to further increase the successrate of face
recognition under occlusonandvariationsinillumina
tionand posewith smal sample, aloca entropy-based
adaptive-weight LBPagorithmisproposedinthispa
per. Thefacid imagesaredividedinto severa non-over-
lapping equal-sized sub blocksand matchthemall. In
order to reduce the effect of the corrupted sub block
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caused by occlusionand variationsinillumination on
recognition result, al sub blocksareweighted. Taking
into account the meaning of loca entropy and the cost
when theweight of each sub block is calculated, the
local entropy of each sub block isselected to weight
each sub block. Finally, the chi squaredistanceis se-
lected for classifying each sub block of the samplefa
cia imageto obtain the preliminary results. Thefinal
recognition result isobtained by weighting these pre-
liminary resultsand summing al of them, inwhichthe
normalized entropy of each sub block isselected asthe
weight. Thesimul ation results show that the proposed
method inthis paper hasincreased the successrate of
human face recognition compared with other ap-
proacheswithout computationa burden.
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