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ABSTRACT limited by a similarity threshold, or it may be equal to the
number of all pictures of the same person in the database.

We present our study of the face recognition problem. Due to
difference in human pose, face expression, hairstyle, image style] .2 Input Data Limitation
and lighting conditions, the problem is very difficult. To solve it
we have to test different image processing tools and heuristicsFor robust work of the system, images must satisfy the following
for robust recognition. The main features of our approach are conditions:
detection of fiducial points, calculation of geometric features |,
and application of nonlinear image dissimilarity function at the
final recognition stage. We demonstrate the power of the
approach by experiments.

They are gray-scale or color digital photos.
The head size in the input image must be bigger than
60x80 pixels; otherwise the fiducial points may be
detected with low accuracy.

« Intensity and contrast of the input image allow to detect
1. INTRODUCTION manually the main anthropometrical points like eye
corners, nostrils, lip contour points, etc.

Since the beginning of the 1990s, tlaeea recognition problem «  The head must be rotated not more thanl1#20
has become a major issue in computer vision, mainly due to the  degrees (with respect to a frontal face position).

important real world applications of face recognition: smart
surveillance, secure access, telecommunications, digital libraries
medicine and so on.

Ideally, the input image is a digitized photo for a document
{passport, driving license, etc.).

On the theoretical side, face recognition is a specific and hard1.3 Our Approach

case of object recognition. Faces are very specific objects whose

most common appearance (frontal faces) roughly looks alike. There are different approaches to create such systems: eigenface
Subtle changes make the faces different. Therefore, in aanalysis [2], template matching [3], graph matching, fiducial
traditional feature space, frontal faces will form a dense cluster,point based approach [4] and others [5]. In most of them faces

and standard pattern recognition techniques will generally fail to are considered as flat surfaces and the difference in orientation of
discriminate between them [1]. the compared faces are ignored. Actually, a face is a 3D convex

) . object with ability to rotation and shape changing. The main
There are two main types of the face recognition systems. Theyigficulty in the face recognition is to find abust feature set for
first one is to check if a person outstanding in front of a camera isy ynique description of a human face.

a member of a restricted group of peof@8@-600persons) or not. ) _ )
Usually, such systems are used to access control to buildingsin our study we explore geometric features like distances
computers, etc. The peculiarities of such systems are real time obetween some facial points. In order to improve the recognition

reaction and small sensitivity to the checking person position andrate we try to find a feature set to be steady to changing of the
appearance changing. shooting conditions and the recognizing person face and to

) ) _ minimize it as much as possible. Face similarity is evaluated in
Systems of the second type identify a person by photo searchingeyeral steps, selecting faces “from coarse to fine". First we
in a large database or confirm its absence. Such a system Mugfaiect a set of fiducial points in every face, and then
work with a database containiigd00-1.000.000mages. It may  gnnroximatelyk; images close to the query face are selected with
work in off-line manner. We try to design a system of the second yegpect to some geometric features based upon the points, where
type. k1 may be closed to:

1.1 Problem Formulation k, =(InN)* .

There is a database Nfportrait images and a query image. Find After that we rotate and scale images, then evaluate correlation
k images most similar to the given face image. The nukb@ay between central namely face parts of khénages and the query
be a constant (for exampl20 for a large database), it may be image. In the end, images from the set &f are selected, where:



Ink, <k, <(Ink )2 2.4 Face Recognition Based on The Features
nK sk, sUng) .

The last set of images has to contain at least one image of th
queried person, if any.

The feature values are stored together with a person identification
%hotographs in a database. When the tested image normalized on
the rotation, scale and intensity level the fiducial points are
detected and the values of the feature are calculated. All images

2. GEOMETRIC FEATURES stored in database are the patterns in the feature space. To find
the closest to the tested image we have to evaluate the Euclidean
2.1 Fiducial Points distances from it to all others.

As a basis of our geometric approach we used the set of fiducial 3. FINE RECOGNITION STAGE
points (also they are called as anthropometrical). In experiments
we checked37 such points. Some of them are detected In [8] we have introduced a new idea for a gray scale image
automatically; the others are extracted manually. We are workingcomparison. Our approach follows the hypothesis according to
towards automatic point detection. The used approach to facialwhich if two digital images display the same but slightly changed
keypoints extraction is described in [6]. After the point detection scene, the images have to be similar locally and have to contain a
their coordinates may be corrected by operator (manually) tolot of close pixels with similar gray values.
improve their location. Coordinates of the points may be stored . . . .
with the corresponding image in a database. An example of the/Ve consider a gray scale imadeas a digital surface, i.e.
explored face keypoints is presentedrigure 1, right picture. A={(ij.aj)} 0 <ij <No.
. We proceed from the fact if two pixels belong to different images

2.2 Feature Choosing and display the same element of a real scene, they must be close

) ) enough in 3D intensity-spatial ape. To evaluate the proximity,
Geometric features may be presented by segments, perimeterge may calculate distance between the pixels by a simple metric
and areas of some figures formed by the detected points. Wejke the city-block, the chess-board or any other one. The
studied different subsets of the features looking for the mostgjsiance from every pixel of one image to the nearest (in 3D
robust features but due to the great quantity of them we cannokpace) pixel of the other image reflects so-called local image
report about strong results of the searching yet. Hence, to presenjissimilarity. We calculate a set of local dissimilarity values and
our progress in comparison with known recognition results we accymulate them into a global dissimilarity measure, which gives

tested the feature set described in [7]. It inclutiessegments e final similarity evaluation. We calculated global dissimilarity
between the points and the mean valuesl®fsymmetrical between images A and C by the function

segment pairs. The explored feature set is not the best; the details
of its comparison are described in [8]. 1

D(A, C) = ﬁ

N
B + . 241/2

2.3 The Feature Set Optimization {Zj[a’(ay,C) d(en, DI},
Once a feature set has been obtained it can be optimized by the
presenting technique. How to choose the optimal feature SUbSEt?where
The point was to find the feature space with the maximal
distances between the clusters and minimal ones between the C.)=min (d(4 .C, 3
patterns of one cluster. In our case all database images of the w (1m0 ij> " Im
same person were considered as one cluster. To evaluate thgng W means a square observation window of size

d(a,,C )=d(aq,

ij>

effectiveness of every feature subsetRhalue was calculated: (2w+1)x(2w+1) centered at positiorfi,j) of the imageC. In
- experiments we used=4 to compare facial templates of size
Z (M - D )Z 66x56, like in Figure 1. Similarly we calculatedi(g;, A). The
L by i basic distance functiod may be of any metric. We applied the
F = A > chess - board metric:
Z (b -,y d (3, Gm) = max { K], [Fml, [Ga - Ganl },

wherei,j andl,m are the spatial coordinates of pixelandc,
relatively, andGg; and Ggy,, are the values of intensity of the
pixels.

whereM ; andD ; are mean and variance of the feature values for
k images of thé-th personMp ; andMy, ; are mean ob; andM;,
respectively. The lowe$t value corresponds to the better feature
set. To validate this technique the distances between the cluster$o reduce the computational cost of the algorithm we used a
were computed every time of the feature space changing. Thespiral principle for calculation ofi(a;,C). Value d(a;,g;) is
experimental results justify our strategy [8]. determined in the first turn. We suppose that if the images
compared are quite similar and the pigglis not equal to the
pixel a;, then a pixeky, with similar or the same gray level must
be close to the pixedj. Therefore we check pixels contained in
the windowW in turn gradually going away from the centeVéf

With the help of this estimation we have seleck&dfeatures
from 30 described in [7]. The recognition rate using the
optimized feature set was improved.



located at the positio(i,j). The algorithm stops if it discovers a others. Using the feature set described in [7], we achieved the
pair of pixelsa; andc, with the smallest possible distance value recognition rate67/7Q The steps of our study are illustrated by
between them; otherwise it computes the distance value from thehe examples of the nearest images retrievedS®F_3 The

pixel a; to every pixelgy, in the windowW and chooses the  original image is presented Figure 1 on the left. The results of
minimal value. the first experiment are shown figure 2.

Note we had five pictures of every person in the test data set.
4. EXPERIMENTS So as one of them was the query image then there were maximum
) 4 images of the same person in theset. One can see (in
4.1 The Experimental Database Figure 2) the 6 closest images do not display the tested person

) o S27and the result of the experiment cannot be considered as
Our image data set was based on the Olivetti Research

Laboratory face database include0 face images of 40
persons. The portraits were made without sufficient difference i
shooting time but with small rotation, orientation and
illumination variances. Each photo was an image 0f192
pixels, quantized to 256 gray leveRdure 1).

40 6 S27. 7 S17 3 $27 1 $27 2

S10_10 S40 2

Figure 1. Example of ORL face database and facial

keypoints (at the last image) used in the experiments., Figure 2. From left top to right bottom: The 10 nearest to

S27_3 images using the feature set from [7].

ngg?agrﬁenir;eéﬁcrfeerﬁ—gl rg:;nz;thiggt;mgg%(?fim:pgg of lgositive. Recognition rate for all attempts W&&7Q i.e. in67
P ) P 9 ases of0 possible ones the set ®tlosest images included the
persons. Two people were presented by 10 phetah, the

others — by 5 images. There were 19 imaces of persons wearin hoto of wanted person. After the feature set selection and
y ges. . 9 P ducing to28, the recognition rate improved 69/7Q It means
the glasses at the moment of shooting.

just in one case of0 tests there were not any images of the query
To prepare the image database for the fine stage of ourperson through thé nearest ones (the worst face v&i0_10
recognition procedure we had to make templates of the faceseeFigure 1), i.e. the recognition rate w&8.5%..Note the best
central part for every image (sEggure 4). In order to normalize  rate in study [7] applied t¢00 images from the same database
the templates for comparison, the images were rotated to mada&vas89,36 %.The results 05527_3identification using selected
irises been on the horizontal line. The rotation did not have tofeatures are presentedfigure 3. To estimate the effectiveness
change the intensity values of the pixels at all. Pursuing this aim
the rotation algorithm described in [9] was chosen. It is based on
the sequentially shifting of the rows and columns of pixels in the
horizontal and vertical directions, respectively. After the rotation,
the central parts of the face images were cut from the rotated
images. The size of each template was 55*66 pixels. The eyes
horizontal positions were fixed relatively to the template borders.

4.2 The Experimental Procedure

There were two aims of the experiments: to test the effectiveness!
of our estimation of the steady feature set selection and to
validate the dissimilarity functioD® applying to face recognition.

To find the appropriate quantity of the nearest imdge® the
query one, Euclidean distances in the feature space from a s27_10 S8 1 173 840 2 $10_6
template image to every image in the database were calculated. In

our casek;=6), the6 closest images were derived. If there was

any photo of the query person, then the result was considered  Figure 3. (From left top to right bottom) 10 closest to
successful. Each image was tested as a query and compared to images S27_3 after the feature set selection.



face recognition stage. Then for final recognition more precise
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Figure 4. A face template (566 pixels) and 10 closest [2]
to it rotated subimages acordinally the meagure
of dissimilarity measuré® application to face recognition we
compared all70 faces to each other and the result 3@7_3is
shown inFigure 4. All photos of the queried person are on the
first positions in the closest image row. The correlation measure
is not so exact. The other interesting point is the fact of all [4]
pictures inFigure 4 are the photos of men wearing the glasses.

(3]

The other approaches of template matching tested by us
(Hausdorff, MSE) did not give such good results. But the time of [5]
one image pair comparison when applying the dissimilarity
measure D is is about for 500 times longer than the geometric
feature based on approach used. That was the reason to combine
these two methods for robust and quick recognition system[6]
design.

Utilizing the combination of the fast but coarse and the fine but
slow approaches we achieved the quiet good and steady resul[7]
The example of it is presentedRigure 5.

(8]

(9]
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Figure 5. 10 closest images to the query image S27_3
selected by the function D applied to the set of images
depicted inFigure 3.

5. CONCLUSION

The paper presents the results of the face recognition study based
on geometric features and template matching. The features based
on the facial key points exhibited good recognition rate. The
experimental results demonstrate the geometric features based on
approach can be effectively explored for a coarse preliminary

techniques may be applied as a new low-level approach to grey-
scale image similarity evaluation. The experiments with about
100 real images demonstrated good sensitivity of the presented
measureD to the facephotos to the same belong cluster
belonging.
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