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Tyiin
Bac xomnouwent amici (BKO) erep
6eitHe 6aperHma HakTLI Gepisice KenbeTTi
afibIpBIT  TaHyAa KOJIOAHBUIATBIH  €H
THIMA] saicTepin Gipi 60BN TaOBUIAABL.
Anaiina, neme KaiamBIHGIH e3repici, GeT
SJIMET O3repici HeMece KaPHIKTHIH Halap

TyCyi opem anca Oyl anmropATMAl
ualijanaHynply = e3immik  KEMIILIr
Gonanpl. Bym Makamaga OKapbIKTBIH
Gepily esrepici kemerimeH KenGeTTi
aWpIpRIl  TaHy HeHreiiH  HKaKcapTy
MaKcaThlHIa yII ~ Typjal  aIropuT™
CaJIBICTEIpa TaJIAAaHBL. bKo
KONJAHBICBIHAH  COH  Gipmacnrrabrhl

petnHexc amroputMuepi (BMP) xoHe
ructorpammanap-ael  TeHectipy  (I'T)

Pe3iome

Meron I1naBHpix xommoHeHT (MI'K)
gBNisieTcsS OJHHM W3 CaMBIX YCIEIMHBIX
METONOB TpHMeHsdeMas B Paclio3HaBaHHH
JML, ecii¥  M300pakeHWe  HOCTAaTOYHO
cTabmwisHo. HO B cliydasx Kak N3MEHEHHe
[O3bl. M3MEHCHWE BBIpOXEHHS JMIa HIH
[10X0€ OCRELICHHE, 3TOT AJITOPHTM HMECT

pan HezocrtatkoB. Ha oToi  cTatke,
CPaBHHBAJIMCH TP PA3/IMTHBIE ANTOPHTMEI
C LEJBIO MOBBIICHAE YpOBHS

PACTIO3HABAEMOCTH € TIOMOIIBIO H3MEHCHHS
ocpemenns. Ilocie HCIOMb30BaHHA MIK,
aJIrOPUTMBI oAHOMAcCLITaOHBI#  PETHHEKC
(OMP) u BbIpAaBHHBAHHE
ructorpammsl (BT OpUT MIpAMEHEHbI K

H306pa>xeumm L paBHOMEPHO
BCEX

GapnelK  KecKiHAEMeJlepre >KapbhIKTBHIH pacrpenescHIs ocsemieHuH VLA X

6ipoei Tycyl yWiH maiijanaHeUibl H300paXeHHUH. B utore, OueHb BHICOKHH
: . ) e THTH

Hatuxkecinge, axicTepai GipikTipy YPOBCHb pacrno3HaBaHHsI OBLIO 10C yTO

apKbUIbl KeJIOETTI affbIpbin TaHyABIH ©TC IOCIC 06beaHEHHA MCTO/IOB.

KOFaphl JIHreiiHe KOJ KEeTKi3iIi.
Kmouepsie cjoBa: Pacro3HaBaHHC JIAIL,

. ., TIOHEHT
Kiar cosmep: Kenberri  aubIpbll Meton 'naBHBIX Kommno I,
TaHy, bac KoMmoHeHT Omici. BsipaBHHBaHHE HUCTOrpamMMBl,
rMcTorpaMmanappl TeHecTipy, OmHOMacITaGHBI PETHHEKC.

Bipmacmita61e1 PeTHHEKC.

Abstract. The Principal Component Analysis (PCA) is one of the most successful

techniques that have been used in face recognition if the images are sufﬁ-mt.:ntly ﬁgulm’i
But this algorithm has some deficiency in some cases such that pose vanatlor‘:, dl :Zle
facial expression or poor illumination. In this paper three dlfferen} meltl 0 .S -
compared and used to increase the recognition rates of .thel.n under varying 1 ;Jn;{u;ﬁnex).
After using PCA, the other methods (Histogram Equallzatfon ar.ld Smgle Scalel o
were applied to images to have equally distributed illumination for a ges.
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Eventually very high recognition rates were obtained after applying the methods by
combining them.

1. INTRODUCTION

Face recognition have recently become a growing concern in the world
as they are being used to find and determine anyone who is known as a
possible threat. However, this is not their only function; they are used to
identify and verify people for many different applications. Facial scans are
done via many different techniques, and involve advanced software to
analyze and break down specific details and features of each face [1].

The increasing interest on face recognition is mainly driven by
application demands, such as nonintrusive identification and verification for
credit cards and automatic teller machine transactions, nonintrusive access
control to buildings, identification for law enforcement, and so on [2].

The Principal Component Analysis (PCA) is one of the most successful
techniques that have been used in image recognition and compression. PCA
is a statistical method under the broad title of factor analysis. The purpose
of PCA is to reduce the large dimensionality of the data space (observed
variables) to the smaller intrinsic dimensionality of feature space
(independent variables), which are needed to describe the data
economically. This is the case when there is a strong correlation between
observed variables [3].

It has been proven, both experimentally and theoretically that, in face
recognition, variations caused by illumination are more significant than the
inherent differences between individuals. The performance of most
classical methods PCA and LDA are seriously degraded if the images
expose under severe lighting variations [4].

In order to overcome illumination problem in face recognition, several
methods have been used to increase the face recognition rates. In this work
two different methods were used one by one or combinational. These are
Histogram Equalization (HE) and Adaptive Single Scale Retinex (ASSR).
Some brief information is given about them in the followings.

1.1Histogram Equalization
Histogram equalization is a technique for adjusting image intensities
to enhance contrast.
Let f be a given image represented as a m; by m. matrix of integer
pixel intensities ranging from 0 to L — 1. L is the number of possible
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intensity values, often 256. Let p denote the normalized histogram of f

with a bin for each possible intensity. So
__ number of pixels withintensity n
total number of pixels

where n=0,1,...,L-1. The histogram equalized image g will be defined by

n

1
g, = floor(L-DY.p,)> (1)

where floor() rounds down to the nearest integer. This is equivalent to
transforming the pixel intensities, k, off by the function

k
T(k) = floor(L-1)Y_ p,) -

The motivation for this transformation comes from thinking of the
intensities of f and g as continuous random variables X, Y on [0, L — 1]

with Y defined by

X
Y:T(X):(L_I)J‘p‘\_(x)dv, (2)

where py is the probability density function off . T is the cumulative

distributive function of X multiplied by (L — 1). Assume for simplicity that
T is differentiable and invertible. It can then be shown that Y defined by

T(X) is uniformly distributed on [0, L = 1], namely that p, (y)=7f1——1'
L: py(2)dz —probability that 0
— probability that 0()
=f: " p ()

—_ %) ]1 d -1
a ¥y . ) T—l ) — T (y)) .
d}' (J.O ¥ (Z) ") 1 !(y) p,\ ( (.‘ )) ’J/'(

Note that iT 7'(1) =_(_1. v=1, SO
x 0 Og

dT - d . - d 1o v)) =
=T '(}’)E(T"(}')F(L—l)pY(T '(y))-‘z;(T o=l

which means () =_L_1_1,
; d the transformation

Our discrete histogram is an approximation of p,(x) an ' |
uyation 2. While the discrete

in Equati imates the one in Eq :
quation 1 approxi s, it will flatten them and in

version won’t result in exactly flat histogram

doing so enhance the contrast in the image [5]- o
- * tion.
Matlab has the command of “histeq” itself for histogram equaliza
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Fig. 1. (a) a low contrast image, (b) same image after histogram
equalization, (c) histogram plot of the first image, (d) histogram plot of the
second image.

1.2 Adaptive Single Scale Retinex

Retinex theory assumes that the color perception depends strictly on the
neural structure of the human vision system and compensates for
illumination effects in images. The primary aim is to decompose a given
image I into the reflectance image R and the illumination image L, such
that at each point (X, y) in the image domain we have,

I(x.y) = R(x, ) L(x,))

To facilitate the analysis, the noise effect is ignored here. The benefits
of such decomposition include the ability to remove illumination effects of
back/front lighting, enhance photos that include spatially varying
illumination such as images that contain indoor and outdoor zones, and
correct the colors in images by removing illumination induced color shifts.
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The first step is the logarithmic conversions by i=logl./=logL,r=logR,
and therefore
i=l+r
This step is motivated both numerically, preferring additions over
multiplications, and physiologically, referring to the sensitivity of our
visual system. In practice, several different algorithms based on Retinex

theory are developed, and are reviewed below.
A non-iterative version of Retinex called Center/Surround Retinex

algorithm was proposed by Land. The new pixel value is computed with a
single filter. The filter’s coefficients are computed by a surround function,
whose shape 1s defined by the image. It includes the Single-Scale Retinex
(SSR) algorithm and the Multi-Scale Retinex (MSR) algorithm.

The SSR algorithm is given by

R (x.y)=log I (x.y)—log[ F(x.y)# 1 (x, )
where R (x,y) is the Retinex output, the subscripts i e R,G. B represents the
three color bands, 7 (x.y) is image distribution in the ith spectral bands,
“*” denotes the convolution operation, and F(x,y) is the normalized
surround function, and J’ .[ F(x,y)dxdy=1. Various surround function could

be used. Because Gaussian function has the property of being more
“regional” and offered good dynamic range compression over a large range
of space constant, we used the Gaussian function

- . 1 ‘]
where ¢ is the Gaussian surround space constant, and need to be selected i

advance [6].

(a) | (b)

Fig. 2. (a) a low contrast image, (b) same image after ASSR normalization.

- EXPERIMENTS AND RESULTS _  totall
In this work 10 subjects which contain 16 images for each that is totally

160 frontal face images have been used taken from Yale Da.tabfftse B.. F;I‘SC:
8 images are high illuminated and the other § images are Iova.r 1lllum11:[1a ed
for each subject. The high illuminated images were used as training set an

the low illuminated images were used as testing set.
Methods applied to training and testing sets are given below.
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Calculation of RR by PCA
Calculation of RR first applying PCA then HISTEQ to both sets.
Calculation of RR first applying PCA then ASSR to test set.
Calculation of RR first applying PCA then ASSR to both sets.
Calculation of RR first applying PCA then HISTEQ and then ASSR to test
sets.
Calculation of RR first applying PCA then HISTEQ and then ASSR to both
sets.

In all calculations, recognition rates were calculated according to
dimensionality of PCA. That is the highest RR is obtained by using only a
few number of eigenvectors in PCA. RR are shown for all cases one by one

as RR vs. PCA dimensionality in the followings. All simulations were
obtained by MATLAB.

Recognition Accuracies for difierent PCA dimensionaiities
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Fig. 3. PCA without filter

Recognition Accuracies for diffarent PCA dimensionalitles
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Fig. 4. PCA with HISTEQ
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Recognltion Accuracies for diflerent PCA dimonsionafities
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The results are given in the TABLE I given below.

EXP. METHOD RR
NO

1 PCA without filter 15
2 PCA with HISTEQ 70
3 PCA with ASSR to test set 53
4 PCA with ASSR to both sets 70
5 PCA with HISTEQ+ASSR to test set 70
6 PCA with HISTEQ+ASSR to both sets | 90

CONCLUSIONS

It can be seen in the results that the recognition rates is relatively low
when they are used one by one. But combining them we can increase the
RR. In this work it can be concluded that histogram equalization and
adaptive single scale retinex are well-matched couple to obtain a high RR.

Actually another multiscale techniques can be found experimentally. Or

the images can be classified into several sets according to their level of
illumination for the next studies.
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