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ABSTRACT using this method have large dimensionality. Itis, therefore,
In local feature—based face recognition systems, the topo_required to statistically ar!a}lyze the contribution of each fea-
graphical locations of feature extractors directly affect the turé vector to the recognition task so that one can measure
discriminative power of a recognizer. Better recognition ac- the relative importance of topological relevance and the ef-
curacy can be achieved by the determination of the positionsfect of the frequencies and orientations used [3].
of salient image locations. Most of the facial feature selec-  In [4], the discriminative power of the nodes of a graph
tion algorithms in the literature work with two assumptions: that is placed over face features is examined. The aim is
one, that the importance of each feature is independent ofto learn the weights of nodes for face discrimination. The
the other features, and two, that the kernels should be lo-problem is formulated as an optimization problem and sim-
cated at fiducial points. Under these assumption, one carplex algorithm is used. According to their results, the eyes
only get a sub—optimal solution. In this paper, we present aare more important for discrimination of half profiles and
methodology that tries to overcome this problem by relax- frontals compared to the mouth and chin. A similar ap-
ing the two assumptions using a formalism of subset selec-proach was employed in [5] where the aim of the learning
tion problem. We use a number of feature selection algo- algorithmis to find out a suitable subgraph which only con-
rithms and a genetic algorithm. Comparative results on thetains the nodes important for head finding and pose identifi

FERET dataset confirm the viability of our approach. cation.
In a recent statistical analysis of 2D Gabor wavelet—
1. INTRODUCTION based feature detectors [6], univariate analysis of variance

of 2D Gabor kernel activations has been used to weight the

In recent years, automatic human face identification prob- contribution of each parameter (kernel location, frequency,
lem has become one of the challenging problems of pat-and orientation) in the representation according to its power
tern recognition. As in most pattern recognition problems, of predicting similarity of faces. The results show that the
one has to find a suitable representation of input patternshairline area with the forehead and eye regions provide use-
for a given task. Thus, a significant amount of research in ful information while the mouth, nose, cheek and lower part
the face recognition area has focused on finding an efficientof the outline region are the least useful part of a face for
representation of face images for a recognition task [1]. face recognition. In a similar work, results confirm that the

There are mainly two approaches for face representa-€yes and mouth are more stable for recognition, whereas
tion, holistic, and feature based. In the holistic approaches,hair and nose region have large variations [7].
statistical methods are used to represent face images as a In this paper, we formalize the salient feature selection
whole. On the other hand, feature based methods try to exproblem as a special case of a subset selection problem. In
tract local features from face images. Often, feature basedall of the previous approaches, a common assumption for
approaches require the localization of fiducial points. Early location of Gabor kernels is that these should be located at
attempts use typical geometrical features such as the locapoints. Our aim is to test the validity of this approach by
tion and relative positions of facial features (i.e. eyes, nose,formulating these as a feature selection problem. Another
and mouth) [1]. Recently, 2D Gabor wavelet—based meth-restrictive assumption is that each feature’s discriminative
ods are used for local feature—based human face representgower is considered to be independent. However, a more
tion [2]. complete approach would be to consider the relationships

In 2D Gabor wavelet—based methods, sparse samplingoetween features. In this formalism, one should use a more
at the fiducial points of face images is carried out where lo- complicated feature selection methodology where the inde-
cal features are extracted using multi-frequency and multi-pendence assumption is relaxed. In the rest of the paper, we
orientation Gabor kernels. Typically, the features extracted explain our local image descriptors in section 2, and feature



selection methodology in section 3. In section 4, we give 4. EXPERIMENTS AND RESULTS

experimental results for FERET face database.
In our experiments, we have used a subset of the FERET

face database [10]. The used part of the database contains
normalized frontal images of 146 subjects. Each subject
has 4 gray scale images of resolution 150x130. In all of the

Local features are represented using the convolution resultseXpenmemS’ we have put 2 images of a subject into train-

of the face image with 2D Gabor wavelets at the convolu- Ing set, and the rest of the images into test set. Faces in

tion boints. At each imade point. we have used five different the dataset contain facial expression and illumination varia-
points. . ge point, v . tions. Inthe recognition part, we have used 1-nearest neigh-

frequencies and eight different orientations. The Gabor ker- bor classifier

nel resolution is selected a5§ x 15 pixels in order to reduce '

the overlapping of kernels. The magnitudes of complex out- _

puts of Gabor convolutions are used as feature descriptors4-1. BIF, SFS, and SFFS based feature selection

giving a feature vector of size 40 at each image point. In a recognition problem, each individual local feature has

There are several methods to represent whole image usy cerain degree of recognition power. Therefore, it is use-

ing local jets. At_one e_xtreme, images can be représe”ted b3fu| to learn the importance of each local feature in order to
the full convolution with Gabor kernels at each pixel. An- ghiqin 5 petter discriminator. The best heuristic to measure
other approach would be to place a face graph where thehe importance of each local feature is to look at its individ-
nodes of the graph lie on facial features. This approach re-,al recognition performance. In the BIF approach, one can
quires a fine localization of facial feature points. In between simply combine the most importan¢ features into a final
these two approaches, one can use a rectangular sampling,ayre vector. This simple idea can perform well only if

2. IMAGE REPRESENTATION USING 2D GABOR
WAVELETS

grid that is placed over the face region. each local descriptor contributes independently to the dis-
crimination performance, irrespective of the existence of
3. FEATURE SELECTION METHODOLOGY other local features. However, in many cases, it would be

proper to design a feature selector which additionally takes

In feature selection, the goal is to find a subset maximizing ainto account the relative information gain when used with an
selected criterion. This criterion can be inter—class distanceexisting feature set. Thus, we have used SFS algorithm in
measure or the classification rate of a classifier. The optimalorder to consider this relative gain. More formally, we add
solution could be found by using exhaustive search. How- the most informative local feature at each step to an existing
ever, for higher dimensional problems, this solution is un- previously selected subs§t
usable. Branch and bound type of algorithms can also give  SFFS algorithm takes this idea one step further by back-
optimal solutions [8], but their application is only limited to tracking to remove the least useful features from an existing
monotonic criterion functions, which does not hold in our feature subset to overcome the nesting effect. Specifically,
case. Alternative to optimal algorithms, several fast sub— SFFS adds the most useful feature and then searches for a
optimal algorithms can be used. Among them, the most fre- feature in the existing subsgtto discard if the removal of
guently used ones are: sequential forward selection (SFS)that feature improves the discriminative power.
sequential backward selection (SBS), plus—L—minus—R, and  In our experiments, we have placed a rectangular lattice
floating search methods (SFFS, SFBS) [9]. Genetic algo-of size7 x 7 over the face region, and look for a useful sub-
rithms (GA) and tabu search are also proposed as solutionset of grid points for efficient face representation for recog-
for a subset selection problem [9]. nition task. In the second column of Table 1, the recognition

In order to find the most discriminative image locations performances of each method are presented. The recogni-
of faces for recognition, we have designed several featuretion accuracies of BIF, SFS, and SFFS are 84.54, 90.38, and
selection scenarios. These scenarios are, namely: best indi91.07 percent respectively. The recognition performance of
vidual features (BIF), forward selection(SFS), floating for- using all of the grid points is 86.94 percent. In Figures 1.a,
ward search (SFFS), and genetic algorithm. In the first threel.b and 1.c, the most important 15 local feature positions
approaches, we represented the face images using both recare shown for BIF, SFS, and SFFS algorithms. In Figure
angular grids (lattice) and manually positioned face graphs.1.a, circle sizes are proportional to each points recognition
Lattice—based sampling is done via placirg»a7 grid cen- performance. The best performance is obtained using the
tered on the face region. As a face graph, we have identifiedSFFS approach, where the selected subset performs even
30 facial feature points, as seen in Figure 2.a , and usedbetter than using all of the grid points, and as expected, BIF
them as the nodes of our graph. In the GA approach, weapproach performed worst among all of these methods since
have used full convolutions of Gabor wavelets at each pixel it considers each feature independently.
in the image. In all of the three approaches, most of the selected grid



Table 1. Comparative analysis of BIF, SFS, and SFFS for Fig. 2. The locations of important facial feature combina-
lattice— and face graph—based sampling methods. The numtions for manually positioned face graph. a) the locations
bers in parentheses show the number of feature points forof 30 fiducial points used, b) subset of 15 points for BIF c)
each representation subset of 15 points for SFS, d) subset of 15 points for SFFS.
The recognition performances are 82.13, 87.97, and 87.97
Lattice (49 ptS) Face Graph (30 pts percent, respective|y_

All pts 86.94 83.85 s . o

BIF (15 pts) 84.54 82.13
SFS (15 pts) 90.38 87.97
SFFS (15 pts) 91.07 87.97

Fig. 1. The locations of important facial feature combina-
tions for a) BIF, b) SFS, and c) SFFS approaches. The grid
size in all figures i§ x 7. The recognition performances are
84.54, 90.38, and 91.07 prcent, respectively.

periphery of fiducial points.

points are at the upper part of the face region. This result
is largely due to the expression variations present in the
dataset especially, in the mouth region. In SFFS, the com-One of the key motivations of our research was to try to
bination of features extracted from eyebrows, the lower— understand whether it is better to choose the locations of
center part of the forehead, the nose region, and the lowefacial features for local image descriptors. Therefore, we
part of the mouth seems important. aimed to search for useful combination of face locations
Similarly, we have performed the same feature selectionfrom data, without using any a priori information, such as
analysis to the manually positioned face graph, in order to fiducial point coordinates. In contrast to the sparse sampling
see the importance of the generally used fiducial points. Inmethods (lattice, face graph), we have a much larger search
the third column of Table 1, the recognition accuracies of space. The complexity of the search space is determined by
BIF, SFS, and SFFS is shown. Using all of the 30 points the exhaustive search of a combinationN\dfeature points
in the face graph gives 83.85 percent classification perfor-selected from all of the pixels in the face region. However,
mance, whereas an SFS—, or SFFS—based subset selectiam higher dimensions, such as in our problem, exhaustive
can improve the performance to 87.97 percent. In Figuressearch is unusable. So, we have used a genetic algorithm
2.b, 2.c, and 2.c, the locations of 15 useful fiducial points which is sub—optimal but faster. It was shown that genetic
are shown. The points selected for SFS and SFFS methodalgorithms can reach near—optimal solutions quickly in fea-
are the same, and they are generally at the upper face reture selection [9].
gion. Eyebrows, the corners of eyes, forehead, cheeks, and In our setting, genetic chromosomes contain the coordi-
the outline of nose seem to carry the most discriminative nates of the selected number of face locations. We decided
information. to use 15 points for face representation. As fitness function,
When lattice and face graph based sampling is consid-we have used the recognition performance of local image
ered, lattice—based approach performs better. Our resultglescriptors of each gene in the chromosomes. The crossover
show that although fiducial points are important, feature se-and mutation parameters are 0.5 and 0.1, respectively. In
lection from a set of fiducial points greatly improves per- both operators, we require that the coordinates of face points
formance. Furthermore, our experiments with the lattice in a single chromosome do not overlap too much in order
approach show that superior results can be achieved at théo extract independent local information as much as possi-

4.2. Genetic algorithm-based feature selection



ble. This minimum overlap distance between facial point based solely on their individual importance, we have im-
is selected to be 9 pixels. Mutation of a gene is handled plemented Best Individual Feature (BIF) algorithm. As ex-
by adding a random number within a specified range. This pected, both SFFS and GA outperformed BIF-based feature
range is dependent on the image resolution. As the pop-selection. In general, eyebrows and face points at the outline
ulations evolve, we iteratively narrow this range for better of nose seem to provide the most discriminatory informa-
convergence. The selection of new population is based ontion for face recognition. As future work, frequencies and
the probability distribution of fitness values of each chromo- orientations of different Gabor kernels at specific locations
some. For quick convergence, elitisim is employed, where will be examined in a similar fashion. We are also working
the elitisim ratio is 0.05. As an initial population size, 200 on feature selection for pose invariant face recognition.
is used.
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