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Abstract

We propose automatic face recognition system based on multi-scale Harris
corner detector, robust to the geometrical distortions of the images and to the
changes of lighting conditions. A face region is segmented from given image
using face segmentation algorithm. Segmented face region is represented by a
set of interest points, detected by multi-scale Harris corner detector to achieve
scale invariance. Each interest point is represented by a local feature vector,
based on the Gabor filter, extracted at several scales and orientations to
achieve rotation invariance. The illumination normalization is achieved by
normalization of extracted Gabor feature vectors itself. The subspace principal
component analysis method is used for further dimensionality reduction and
variance maximization. The similarity between two faces is a measured by
various distance metrics. Comparison of results with existing algorithms
validates the usefulness of local invariant features for face recognition at less
computational cost and |ess storage requirements.

Index terms. face localization, interest point detection, interest point
selection, local feature descriptor, face recognition.

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
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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 whole face region as the input to a recognition system
while local feature based methods, first locate several facial features, and then classify
the faces by combining and comparing the corresponding local statistics. Influential
work is given by Wiskott et al. [1], called Elastic Bunch Graph Matching (EBGM).
The éastic bunch graph is a graph-based face model with a set of jets (Gabor wavel et
components) attached to each node of the graph. The algorithm recognizes new faces
by first locating a set of facia features (graph nodes) to build a graph, which is then
used to compute the similarity of both jets and topography.Local binary pattern (LBP)
was originally designed for texture classification and was introduced in face
recognition in [2]. The face area was divided into small windows of size7x7. Each
window is represented by local binary pattern histogram. The chi square statistic and
the weighted chi square 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 [2]. The face image was first
filtered with Gabor filters at five scales and eight 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 (scale invariant feature
transform) for face recognition. The SIFT method first detects interest points at
different resolutions and uses scale and rotation invariant descriptor to represent the
interest points.

Our approach is also similar to SIFT approach. Unlike the SIFT approach, which
uses scale-space Difference-Of-Gaussian (DOG) to detect interest points in images,
we used multi-scale Harris corner detector [5] to detect interest points. Interest
points, detected with multi-scale Harris detector and represented by local descriptors,
have been used successfully for applications like stereo reconstruction, image
indexing and object recognition. However to the best of our knowledge, this is the
first attempt to use interest points detected by multi-scale Harris corner detector and
represented by Gabor feature vector, for face recognition application.

In general, the following steps are proposed for face recognition:

1. Face segmentation used to separate face region from given image.

2. Detection of interest points on separated face region invariant to scale

changes.

3. Selection of the interest points and extraction of local feature vector.

4. Normalization of local feature vector against geometric and photometric

transformations.

5. Training based on eigen-space approach.

6. Classification based on various similarity measures.

Detailed description of the above stepsis given in sections 2. Experimental results
are presented in section 3. The concluding remarks are given in section 4.



Face Recognition Using Local Invariant Features 75

Proposed M ethod

Face segmentation

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 are also
get detected on background clutter. In order to eliminate background clutter, we
perform face segmentation, to locate and separate face region (face region from
forehead to chin and cheek to cheek) from input image, having only one subject in the
foreground. We developed skin color based face segmentation algorithm based on
Y CpC; space. The original color images are converted to Y C,C, space without any
pre-processing. The C, and C; values of each pixel are compared against the range of
Cp and C; values to check whether the pixel is skin pixel or non-skin pixel. The range
of The C, and C; values is obtained from a training set of nearly 4000 color skin
samples that were manually extracted from set of color images in Y C,C; space. But
performanceis very poor under varying lighting conditions,

To investigate the reason, we again manually extracted face skin samples from 392
facial images taken under normal and varying lighting conditions in RGB space and
examined the distributions of R, G and B color components. We found that, under
normal lighting conditions distributions of R, G and B color components is confined
to very narrow ranges as compared to their distributions under varying lighting
conditions. The distributions of R, G, and B color components is get stretched under
varying lighting conditions due to non-linear mapping of individual color components
and image 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, areasin (1) to (3). R, G

and B are color components of original image. F~3, Gand Bare normalized color
components.

75 if R < 45
R = 4150 if R =255 ... (1)
150-75 .
R + 50 if 45 < R < 255
255-45
45 if G < 5
125 if G 2 175 ... (2)
G = 125-45 .
G + 40 if 5< G <175
175-5
25 if B = 0
B =4100 if B > 175 ...l (3)

100-25 .
B + 25 if 5< B <175
175
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Normalized color components are further processed, as given by [6]. The image
obtained by normalized and processed color components is converted to Y C,C; space
and binary mask is generated based on values of C, and C; as in equation (4). The
ranges of the C, and C; used in equation (4) are obtained by manually collecting the
color skin samples of corrected face imagesin Y C,C; space.

1 if110 < C,(i,}) < 140and 110 < Cy(i,]) < 140

map(i, j) = , - (4)

0 otherwise

map(i, j) = binary value of pixel with spatial location (i,j)

cb(i, D= % vaue of pixel with spatia location (i,))

(i, ]) = ¢ 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 hole in facia areas such

as eyes and mouth. The obtained binary mask is used to remove background clutter
and for segmentation of face region based on skin color as givenin (5).

If map(i, j)=0 then R,G and B components of original imageare setto 0

ese R,G and B components of original image are kept asit is......(5)

The result of face segmentation algorithm is shown in Fig.1 (a) to Fig.1 (c). Fig.
1(a) shows original image with illumination direction as left, Fig.1 (b) shows result of
face segmentation in YC,C; space without any normalization and Fig. 1(c) shows
result of face segmentation in Y C,C; space with proposed method. Result of Fig.1 (b)
shows that left side region of the face area is wrongly detected as non skin area and
background is detected as skin area. Result of proposed algorithm, as displayed in Fig.
1(c), shows proper segmentation of the face area from the background.

-
Fig. 1(a) : Origind Fig. 1(b) : Face Fig. 1(c) : Face
image segmentation without segmentation with
normalization proposed method.

I nterest Point Detection
The evaluation of interest point detector, as presented in [7], demonstrate the excellent
performance of Harris detector but it is not invariant to scale changes. Hence we used
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the Harris-Laplace detector, as proposed by [5], to achieve scale invariance. The
Harris-Laplace detector uses scale-adapted Harris function, as in equation (6), to
localize corner pointsin scale space.

L2 X’ L L X]
x(X.0p)  Lxby(X.op) | 6)

) )
D D

where o, isintegration scale, o isdifferentiation scaleand Ly isthe derivative
computed inthe' a’ direction. The measure of corner response at a point X and scale
o, isgiven by equation (7) where 4 isconstant.

R(X,0|) = det(N(X,0 )= Atr2(N(X,0)) cooorrrns (7)

The point is selected as a corner point if it satisfies the condition given in equation
(8) i.e. corner response of the point must be positive and maximum in the
neighborhood of 3x3window.

R(X ,01) > 0 and
R(X ,01) »R(Xy,,01)V X,eW
W = window of size 3x3

We use gray scae image of original RGB image to build the scale-space
representation by using equation (6). The pre-selected scales are used
withon =kMNog; opistheinitial scale factor set to 1; factor k is scale factor between

successive levels (set to 1.4 as proposed in [8], ngives number of resolution levels.)
The matrix N(X.0)) is computed with o = opand Op =S50 wherese[07,08........,.14.

Large scale change of 1.4 is used to detect initial interest points with k=1 and then
small scale changes, specified by s, are used to get better accuracy for the location of
X asin|[8, 9].

N(X,0,) =03 g(o,) ®

LxLy(X,0 L%,(X,O'

I nterest Point Selection

Scale —space representation of Harris corner detector gives large number of interest
points, representing important image contents, at various resolution levels. We
selected the interest points, which appeared repeatedly, at each and every level of
resolution and then sort them in descending order of Harris corner response, obtained
at that point. Experiments are carried out with different number of interest points and
recognition accuracy is checked. The objective of these experiments is to determine
optimal number of interest points required to get good recognition accuracy. fig (2.a)
shows the origina image and fig (2.b) shows the selected interest points
superimposed on the original image. In order to highlight the points,
3x3 neighborhood of point is highlighted.



78 Sanjay A. Pardeshi and SN. Talbar

Fig (2.a) : Origina image Fig (2.b) : Selected interest points

Interest Point Description
Detected interest points are described by 2D Gabor filter. These 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 asin equation (9) and specified in [10]:

x24y2y2
W (x,y)= ¢ 202 cos(Zl‘[ 2—'+¢j ........ (9)

wherex'= xcos@ +ysing andy'= -xsind +ycosf . The values of ¢and1 are as in

equation (9).Feature extraction is done by placing the Gabor filter mask at each
interest point and calculating magnitude value of convolution. Since the phase
information of the Gabor filter is time-varying, only magnitude values are used for
feature description.

Feature Vector Representation
Gabor filter responses, corresponding to different wavelengths (1) and orientations
(6), are arranged in feature matrix f,; for each interest point asin equation (10).

r(xo, ;21 91) r(xo, ;21,92) r(xo,y

Yo , Yo o Yoitd1:0,
fo_ | TXe Yo Ap ) T(XgYgidn 0p) (X Yo idy Og) T(Xg. Yoidy.0y) (10)
N . . .
r(xo,y0,23,91)r(xo,y0,13,02) r(x_,y 13,03) r(x_,y ,13,64)
r(xo,yo;ﬂ4,91)r(xo,y0 14'92) r(Xo yo 14’93) r(Xo yo;l4’64)
I I 311
where 2, = 4,2, = 4«5,/13 =81, = 8~/2 and 6, =00, = 05 = 0, ="
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The normalized feature vector f,,; is generated by concatenating all rows of f,
one by one. With' N’ interest point for every subject in the database, final feature
vector final} isobtained for each subject in database as in equation (12).

finalj=[fj S ]

nor.1' 'nor .2 nor i} where i= Number of interest points, j=subject...(12)

Data matrix X is generated by placing final I obtained for various subjects in
database, side-by-side, asin equation (13)

X = [(ﬁnall)' [(final®) |, | (final i)'] where j= number of subjects........... (13)

Training And Recognition

Training is done by well known eigen-space projection technique based on principal
component analysis. Numbers of images used for training are specified in section 3.
Data matrix X , generated from training images is mean centered. The mean centered
data matrix is subjected to principal component analysis. It gives set of eigen-vectors
with associated eigen-values. Eigen-vectors are ordered according to eigen-values
from high to low and eigen-vectors associated with non-zero eigen-values are only
kept. Each of the training vectors (final') is projected onto eigen-vectors to generate

eigen-space.

Similarity measures

For recognition, probe vector is generated by applying same steps i.e. interest point
detection, interest point selection, interest point description, on test image to be
recognized. Probe vector is projected into eigen-space and projection is compared
with the projections of training vectors by similarity measures. Three similarity
measures i.e. city-block (L1 norm), squared Euclidean distance (L2 norm), and cosine
angle between feature vectors are used as given by equations (14 to 16) respectively.

K 2

2. d(x,y)=||x—y||2=2(>q—3/i) .......... (15)

i-1
K
inyi
i=1

_ Xy __
M 2

RN
i=1 i=1

3. dxy)=

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,
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4 illumination variations, 8 pose variations and 4 expression variations) per person.
There are three kinds of systematic variations, such as illumination, pose and
expression, in the database. As described in section 2, interest points are extracted,
selected and described by magnitudes of Gabor filters.

We checked the recognition accuracy of our algorithm; against facial expression
variations (FE), illumination variations (1V) and pose variations (PV), as mentioned in
[4]. 50% of images are used for training. Before performing the experiments, all
images were cropped to 112x92 pixels images. No any preprocessing is performed
based on manually selected eye positions as in [4]. Table.1 shows the percentage of
recognition accuracy achieved by proposed method and results reported in [4] for
various variations. Reported results are available for expression and illumination
variations only. No any results are available for experiment pose variation. For
methods marked with **’, results are reported on FERET database.

Results displayed in Table 1 shows that recognition accuracy achieved by our
method, for illumination variation, is amost doubled while for expression variation, it
is comparable because we processed the raw images as it is without any
normalization, as used by [4] and number of interest points is also very less i.e. 30
results in feature vector size of 1*480. Small size feature vector results in less
computation cost and |less storage requirement.

Table 1 : Comparison of recognition accuracy against number of interest points used
for various similarity measures is as shown in fig.(3).

EV Y PV

EBGM Optimal* 90 42 -
LBP* 97 79 -
SIFT_GRID* 94 35 --
Person specific SIFT* 97 47 --
Our method 95 80 91

? 95

§ 901 7_2

% 807 —e—L1Norm—|

Figure3

It shows that recognition accuracy increases with number of interest points. We
cannot increase the number of interest points beyond 30 because very less number of
points satisfies the condition mentioned in section 2.3. Comparison of three similarity
measures shows that cosine angle is a good choice for proposed method, as compared
L1 and L2 norms.
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Conclusion
We presented promising capability of local features for face recognition. Algorithm
uses multi-scale Harris corner detector to extract a set of interest points from face
images and set of Gabor filters is used to extract local information from selected
interest points. Extracted local information is further converted to eigen-space for
dimensionality reduction and variance maximization. Recognition is performed using
various similarity measures. Several experiments on the Asian face dataset validate
the robustness of our technique against variations in facial expressions, pose and
illumination. Also the experiments shows that comparable face recognition accuracy,
over state-of - art methods can be achieved by using reliable interest points and
measuring similarity by cosine angle between feature vectors.

In future, we will try to build multi-modal system, by using different interest point
descriptors and combine the recognition result obtained by each descriptor with
proper voting algorithm so as to get improved recognition accuracy.
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