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ABSTRACT

W\& proposes automatic face recognition system based on multi-scale Harris-Laplace detector, robust
to the illumination, orientation, scale and trandation variations. A face region is separated from
given image by face localization algorithm. A separated face region is represented by a set of interest
points, detected by Harris-Laplace detector, to achieve scaleinvariance. Eachinterest point isdescribed
by a local feature vector, based on the Gabor filter, extracted at various scales and orientations to
achieverotation invariance. Smilarity between two facesis measured by voting algorithm. Performance
of voting algorithmis also checked for various distance metrics. Comparison of resultswith existing
algorithmsvalidatesthe usefulnessof local invariant featuresfor face recognition at less computational
cost and less storage requirements. Experimental results show that voting algorithm with cosine

distance metric gives best recognition accuracy.

Keywords: facelocalization, interest point detection, interest point selection, local feature descriptor,

voting algorithm.

I. INTRODUCTION

In recent years, face recognition has received
substantial attention from both research communities
and the market, but still remains very challenging
problem for real time applications. A large number of
face recognition algorithms, along with their
modifications, have been developed during the past
decades which can be generally classified into two
categories: holistic approaches and local feature based
approaches.

Holistic approaches uses wholefaceregion asthe
input to arecognition system whilelocal featurebased
methods, first locate several facial features, and then
classify the faces by combining and comparing the
corresponding local statistics. Influential work isgiven
by Wiskott et al. [1], called Elastic Bunch Graph
Matching. The dastic bunch graph is a graph-based
face mode with a set of jets attached to each node of
the graph. The a gorithm recognizes new faces by first

locating a set of facial featuresto build agraph, which
is then used to compute the similarity of both jets and
topography. Local binary pattern was originally
designed for texture classification and was used for
facerecognitionin [2]. Theface areawas divided into
small windows of size 7 x 7. Each window is
represented by local binary pattern. The chi square
statistic and the weighted chi sguare statistic were
adopted for comparison and recognition. Zhang et al,
[3] proposed local Gabor binary pattern histogram
sequence (LGBPHS) by combining Gabor filters and
the local binary operator. The face image was first
filtered with Gabor filters at five scales and e ght
orientations. The LBP operator was then applied to
all 40 Gabor magnitude pictures to generate the
LGBPHS. The recognition was done using histogram
intersection and weighted histogram intersection. Luo
et al. [4] investigated the use of SIFT (scaleinvariant
feature transform) for face recognition. The SIFT
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method first detects interest points at different
resolutions and uses scale and rotation invariant
descriptor to represent the interest points. They also
compared SIFT approach with EBGM and Local
binary pattern approach for expression variations and
illumination variations. We used the same comparison
to check the effectiveness of proposed method.

Our approachissimilar to SIFT approach. Unlike
the SIFT approach, which uses scal e-space Difference-
Of-Gaussian to detect interest points in images, we
used multi-scale Harris-Laplace detector [5] to detect
interest points and detected interest points are
represented by Gabor descriptor. In general, the
following steps are proposed for face recognition:

(@ Face locdization used to separate face region
from given image.

(b) Detection of interest points on separated face
region invariant to scale changes.

(c) Sdection of the interest points and extraction
of local feature vector.

(d) Reference database formation based on feature
vectors extracted from mode images.

(e) Voting algorithm based classification of query
image using various distance metrics.

Details of the above steps are given in section 2.
Comparative results with state-of-art methods are
presented in section 3. The concluding remarks are
given in section 4.

2. PROPOSED METHOD

2.1 Facelocalization

Interest points can be considered as pixels in an
image which “stand out” from other pixels so that it
can be used to describe image content. For face
images having inter-class and intra-class variation
along with background clutter, interest points arealso
get detected on background clutter. In order to
eliminate background clutter, we perform face
localization, to locate and separate face region from
input image. We developed skin color based face
localization algorithm based on YC,C, space. But
performance degrades under varying lighting
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conditions. To investigate the reason, we manually
extracted face skin samples from 392 facial images
taken under normal and varying lighting conditions
and examined the distribution of R, G and B color
components. We found that, under normal lighting
conditions distribution of R, G and B color
components is confined to very narrow ranges as
compared to distribution under varying lighting
conditions. The distribution of R, G, and B color
components is get affected under varying lighting
conditions due to non-linear mapping of individual
color components and i mage dependency on lighting
geometry and illumination color. Nonlinear
mapping of R, G, and B color components is
corrected by linear stretching of R, G and B color
components. The equations used for linear stretching
of R, G and B color components, based on
experimental investigation carried out, are asin (1)
to (3). R, G and B are color components of origina
image. R, & and B/ are normalized color
components.

75 if R < 45
Rb= {150 if R=255 ... (1)

150-75 )

—— | R+ 50 if 45p R p 255

255-45

45 if G < 5

125 if G > 175 .. (2)
b= 125-45 )

———|G+40 if 5p G p 175

175-5

25 if B =0
B6= {100 if B > 175 .o, (3)

if 5p Bp 175

(100-25} B4 28
175

Image dependency on lighting geometry and
illumination color is corrected by method given in
[6]. The corrected color image is converted to YC,C,
space and binary mask is generated based on values
of C, and C, of every pixdl as in equation (4). The
values of C, and C, are obtained by collecting theskin
samples of YC,C, images and identifying the ranges
of C, and C, based on collected samples.
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1 if110 < Cy(i,j) < 140and110 < Ci(i, ) < 140

map(i, ) = { (4)

0 otherwise

map(i, j) = binary value of pixel with spatia location (i)
¢, (i, J) = ¢, vaueof pixel with spatial location (i,j)

c (i, J) =c, valueof pixel with spatial location (i,j)

The morphological operations (erosion followed
by closing and dilation followed by closing) are
performed on generated binary mask. Erosion is used
to remove small objects in the background area.
Dilation is used to fill small holein facia areas such
as eyes and mouth. The abtained binary mask is used
to remove background clutter and localization of face
region based on skin color. The result of face
localization algorithm is shown in Fig.1 (a) to Figl
(c), with black pixels indicates non-skin pixels.
Figure 1(a) shows original image with illumination
direction as left, Fig. 1 (b) shows result of face
localizationinY C,C, spacewithout any normalization
andFig. 1(c) showsresult of facelocalizationinY C,C,
space with proposed method.

Fig. 1: (a) original image, (b) Face localization without
nor malization, (c) Facelocalization with proposed method
2.2 Interest point detection and selection

The evaluation of interest point detector, as presented
in [7], demonstrate the excellent performance of
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Harris detector but it isnot invariant to scale changes.
Hence we used the Harris-Laplace detector, as
proposed by [5], to obtain scale invariant detector.
TheHarris-L aplace detector uses scale-adapted Harris
function, as in equation (5), to localize corner points
in scale space.

Z(X.op)  Lyly(X.0p)

2
LXLy(X,o'D) Ly(X,O'D)

N(X,0,) = o5 g(o|) ® [

where o, isintegration scale, o, is differentiation scale
and L, isthe derivative computed inthe‘a’ direction.
Themeasure of corner responseat apoint X and scale
o, is given by equation (6) where ) is constant.

R(X,o) = det(N(X,o,)) - urz(N(x,al)) ............ (6)

Thepointissdected asacorner point if it satisfies
thecondition givenin equation (7) i.e. corner response
of the point must be positive and maximum in the
neighborhood of 3 x 3 windows.

R(X ,oc|) f 0 and
R(X ,o01) fR(Xw ,0])VXw eW

w = window of size 3x3

We use gray scale image of origina RGB image
to build the scale-space representation by using
equation (5). The pre-selected scales are used with o,
=k'c,; o,istheinitial scalefactor set to 1; factor k is
scale factor between successive levels (set to 1.4 as
proposed in [8], n gives number of resolution levels.
The matrix N(X, o,) is computed with ¢, = ¢, and &,
=so,, wherese [0.7,0.8, ....., 1.4]. Largescalechange
of 1.4 isusedto detect initial interest pointswith k=1.4
and n=1.Small scale changes, specified by s, are used
to get better accuracy for the location of X asin [5].
The detected interest points are stored with their
spatial locations and associated scales i.e. the scales
at which the interest point is detected.

Based on detected interest points, we note the
following important facts: 1) Number of interest
points decreases as scale increases. 2) Interest point
location varies slightly over scales. The higher the
scale leve, the bigger the possible range of point
locations.
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The spatial location of the interest point can be
detected accuratdly under image rescaling by verifying
whether LoG (L aplacian-of-Gaussian) response of the
interest point at certain scale attains a maximum i.e.
LoG response is lower for finer and coarser scales.
Since the detected interest points are stored with their
spatial coordinates and associated scales, we check
whether the LoG response of the interest point attains
maximum at associated scale. If LoG response attains
maximum at associated scale, interest point isretained
else rgected. The LoG response is calculated using
equation (8).

|LoG(X, )| = o-nz‘LXX(X,Jn) + Ly (X, o) eeed®)

where o, = set of scales

Thenumber of interest points detectedis very large.
We need to sdect the optimal number of interest points
so that computation cost and storage requirement will
get reduced without affecting recognition accuracy. We
sorted the interest points detected by Harris-Laplace
detector in descending order of their corner responses.
The optimal number of interest points required is
decided by carrying out experiments with different
number of interest points and examining resulting
recognition accuracy. Fig. 2(a) showstheoriginal image
and Fig. 2 (b) shows the 75 sdected interest points,
based on corner response, superimposed on theoriginal
image. In order to highlight the points, 3 x 3
ne ghborhood of point is used.

@ (b)
Fig. 2: (a) original image, (b) selected interest points

2.3 nterest point descriptor

Invariance properties of Gabor filter based features
were extensively studied in [9]. They proved that
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Gabor features provides significant degree of
robustness to photometric disturbances and natural
image variations. Hence we used 2D Gabor filters to
detect local structure of theimage centered at detected
interest point. Gabor filters enhance the low level
image features such as the peaks, valleys and ridges
so that the eyes, the nose and the mouth, as well as
the other salient local features like dimples are get
enhanced. These key features can be used for the
discrimination of different faces. A family of complex
Gabor filtersis defined as in equation (9):

x2452y2

2
W(x,y) =1 20

cos(ZHX—I+ ;oj ........ (9)
A

wherex" =xcosO+ysindandy’=—xsin 6 +y cos
0

We designed Gabor filter bank with 4-scales (1)
and 4-orientations (0) for feature extraction. This
result in 4*4=16 Gabor filters atogether. The values
of A and 6 used are given in eguation (10).

2 e(4442882) and 0 e (o,%,%,%q) ........... (10)

Feature vectors are generated at interest points
as composition of Gabor filter responses. Local image
patch of size 25*25, centered at interest point, is
extracted. Extracted local image patch is convolved
with Gabor filters. Since the phase information of the
Gabor filter is time-varying, only magnitude values
are used for feature description. K" feature vector of
it reference face is defined as in equation (11).

vl,k :{Xk,yk,Rl,J(Xk,yk),J:l, ..... 16} .............. (11)
where X, , Y} = spatial co-ordinates of k th interest point

R.j (4 Vi) =i th Gabor filter response at (X, ) )

2.4 Matching two faces

To match unknown face, we need reference database.
The reference database is used to identify the most
similar model imageto unknown image. Thereference
database is developed as follows: several modd face
images are collected with pose variations, illumination
variations and expression variations for each subject.
Face localization is performed on modd images and
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interest points are detected by Harris-Laplace
detector. The detected interest points are sorted in
descending order of corner response and required
numbers of interest points are selected. Gabor feature
vectors are extracted from these interest points.
Extracted Gabor feature vectors, for each of these
model images are stored in a reference database,
along with a pointer to the model image from which
they originate. Thus Reference database consist a
set {M,} of models. Each model M, is defined by set
of Gabor feature vectors {V} extracted from interest
points of model images. During storage process, each
V,is added to the reference database with a link to
the modd k for which it has been computed. So the
reference database is table of couples {V, k}.

Matching of unknown face consist of finding
the model M which is most similar to unknown
image. The most similar model is selected by
performing face localization on unknown image
followed by detection and selection of interest points
by Harris-Laplace detector. Then set of Gabor
feature vectors {V|} is extracted from detected
interest points. These vectors are compared with
each of the vector V, in reference database for
similarity by using three distance metrics i.e. city-
block distance i.e. d, (X, y), squared Euclidean
distancei.e. d, (x, y) and cosine of the angle between
feature vectors i.e. d, (X, y). Three distance metrics
are as in eguations (12 to 14).

d.(x,y) =|x-y|= Z\)g =Y |enn(12)

de(x,y):||x—y||2=2k:(>g ) (13)

i=1

Kk

2. XY,

X. P
dy (%, y) =~ =~ =

WA sy
i=1 i=1

The most similar V; for each V, is identified and
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vote is given to the corresponding modd. We sum
number of votes received by each model. This sumis
stored in the vector T(k). The model received more
votesis considered as best match: the unknown image
represents the model My for which
k= argmax T(k).

3. EXPERIMENTAL RESULTS

Experiments are carried out on Asian face database.
It contains true-color face images of 103 people, 53
men and 50 women, representing 17 various images
(1 normal face, 4 illumination variations, 8 pose
variations and 4 expression variations) per person. As
described in section 2, interest points are extracted,
sdl ected and described by magnitudes of Gabor filters.

We checked the recognition accuracy of our
agorithm; against facial expression variations (EV),
illumination variations (IV) and posevariations (PV),
as mentioned in [4]. Normal face image and 50%
images of each variation are used to create reference
database. Before performing the experiments, all
images are cropped to 112x92 pixes images but no
any preprocessing is performed based on manually
selected eye positions as in [4]. TABLE | shows the
comparison of percentage of recognition accuracy
achieved by proposed method and results reported in
[4] for various variations. Reported results are
available for EV and IV only. No any results are
available for experiment PV. For algorithms marked

with ‘*’| results were reported on FERET database.
EV | IV PV
EBGM Optimal* 90 42 --
LBP* 97 79 -
SIFT_GRID* 94 35 --
Person specific SIFT* 97 47 --
Our method 100 80 100

Table 1: Comparison of Experimental results

Results displayed in Table 1 shows that proposed
method provides 100 % invariance agai nst expression
and pose variations. The significant increase in
recognition accuracy for illumination variation is aso
achieved as compared to state-of-art methods.
Numbers of interest points used for recognition are
also very less i.e. 75 and each interest point is
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represented by Gabor feature vector of size 1*16
requires very less storage memory. Matching of the
facesis performed by simple comparison by Euclidian
distance metric results in low computational cost and
fast execution speed as well

Comparison of recognition accuracy against
number of interest points used along with various
distance measures is shown in Fig. 3. Graph shows
that recognition accuracy increases linearly with
number of interest points up to certain limit but then
it starts decreasing. Hence optimal number of interest
points required to get better recognition accuracy is
75. Cosine of the angle between feature vectors is
better choice for measuring feature vector similarity

100 1
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as compared to squared Euclidian distance and city
block distance measure.

Fig. 3: Comparison of recognition accuracy against
number of interest points

4. CONCLUSION

We presented promising capability of invariant local
features for face recognition. Algorithm uses multi-
scale Harris-Laplace detector to extract a set of scale
invariant interest points from face images. Rotation
invariance and invariance to photometric disturbances
is achieved by extracting local information, centered
at interest point, by set of Gabor filters. Similarity of
Gabor feature vectors, extracted from query image
and reference database, is checked by three different
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distance metrics. Similarities of Gabor feature vectors
are used by voting algorithm to match the model
images with query image. Several experiments on the
Asian face dataset validate the robustness of our
techniqueagainst variationsinfacial expressions, pose
and illumination. Comparison with state-of-art
methods shows the substantial increase in face
recognition accuracy at less computational cost, less
storage memory requirement.

Infuture, wewill trytoinculcate thescal e sdected
by LoG in the design of Gabor filter so that optimum
number of Gabor filters can be used for extraction of
interest point local information. It will further reduce
the computation cost but resulting recognition
accuracy is required to be studied.
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