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Abstract— Elastic Bunch Graph Matching is one of the
well known methods proposed for face recognition. In
this work, we propose several extensions to Elastic Bunch
Graph Matching and its recent variant Landmark Model
Matching. We used data from the FERET database for
experimentations and to compare the proposed methods.

maximized. When maximizing this graph similarity, the
best matching jet is selected from the bunch.

Even though EBGM is considered as a successful
technique, it has several deficiencies in obtaining the
optimal FG:

We apply Particle Swarm Optimization to improve the
face graph matching procedure in Elastic Bunch Graph
Matching method and demonstrate its usefulness. Landmark
Model Matching depends solely on Gabor wavelets for
feature extraction to locate the landmarks (facial feature
points). We show that improvements can be made by
combining gray-level profiles with Gabor wavelet features
for feature extraction. Furthermore, we achieve improved
recognition rates by hybridizing Gabor wavelet with eigen-
face features found by Principal Component Analysis, which
would provide information contained in the overall appear-
ance of a face. We use Particle Swarm Optimization to fine
tune the hybridization weights.

Results of both fully automatic and partially automatic
versions of all methods are presented. The best-performing
method improves the recognition rate up to 22.66 and
speeds up the processing time by 8 times over the Elastic

« It uses only few sizes of FGs to estimate the size
and the location of the face in an image (three sizes
in stage 1, and two sizes in stage 2 [2]). The ability
to use an FG of any size is more desirable as it may
facilitate more accurate estimation of the size and the
location of a face, so that the range of different sizes
of faces that would exist in a generic face database
can be tolerated.

« lItinitially scans the image only at selected locations
(In stage 1, the image is scanned at locations on grid
points of a lattice with a spacing of 4 pixels [2]). A
non-exhaustive method that is capable of placing the
FG at any location, rather than only at the selected
locations, would be more effective.

Bunch Graph Matching for the fully automatic case. « It is a computationally intensive algorithm [5]-{7],
as it has several stages with extensive searches.

A more efficient approach to obtain the optimal FG for a

new face would be to optimize the face graph matching

procedure using a suitable optimization technique.

To overcome the above problems, inspired by both
EBGM and Active Shape Model [8], a new method named
Face recognition is a challenging problem in patternLandmark Model Matching (LMM) [9], [10] was pro-
recognition research. Many face recognition methods havposed, which incorporates an evolutionary optimization
been proposed in the past few years, and Elastic Bunamethod known as Particle Swarm Optimization (PSO)
Graph Matching (EBGM) [1]-[5] is considered as one of[11]. LMM disregards the concept of using the entire
the successful methods. In EBGM, a face is representéddunch’ of jets to locate a landmark. EBGM compares
by a face graph (FG). The local features of a facialagainst the best matching jet in the bunch, whereas LMM
landmark are represented by a jet, where a jet is a sebmpares against only the average of the jets. By using the
of Gabor wavelet features. A Face Bunch Graph (FBGEntire bunch of jets, it would be possible to cover a wide
is created as a generalized representation of faces e@friety of features that would exist in a face. Therefore, in

various individuals, thus, it consists of a ‘bunch’ of jets this work, we propose a new method named EBGM
corresponding to a landmark. To obtain the optimal FG tavhich is an extension of EBGM that exploits its unique
represent a new face, a two-step approach is adopted. Th&ength of using a bunch of jets to locate a landmark. In
first step is to create a new FG for the new face, which WillEBGMpsq, the face graph matching procedure of EBGM
be fitted to the face in the second step. The fitting of thds optimized using PSO.

FG to the face is made by an iterative face graph matching Above methods use Gabor wavelets for feature extrac-
procedure, where its geometrical structure is deformedion to locate the landmarks.In this work, we extended
until the graph similarity between the FG and the FBG isLandmark Model Matching by combining Gabor wavelet

Index Terms— Eigenfaces, Elastic Bunch Graph Matching,
Face Recognition, Gabor wavelets, Hybridization, Particle
Swarm Optimization, and Principal Component Analysis

I. INTRODUCTION
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features with gray-level profiles (GLPs) for feature ex-form the FBG,« face images (referred to as FBG source
traction. GLPs provide image intensity information thatimages) that cover major deviations in a database, such
is unavailable in a jet. We refer to this method asas faces of different genders and races, and faces with
LMM jesegipss Whereas we refer to the LMM previously open eyes, closed eyes, spectacles, etc., are selected. For
published [10] as LMNks. We compare face localization each FBG source image, thé landmarks are manually
and recognition results of the two proposed methodselected, placing each of th&¥ points on the selected
EBGMpso and LMMiesegips With their previously pub- location of the face. When a new image is given, ffie
lished counterparts EBGM and LMM, for the datasets nodes of the new FG that has to be computed are placed
provided with FERET database [12]. on the new image at the locations given by the average
All four methods (EBGM, EBGMso, LMMeis, and  locations of the corresponding nodes of therids of the
LMM jetsegips) €an be used for face databases where onlf*BG. The new FG is computed by extracting the jets at
one image per person is available. They can be used d@s nodes and calculating the edge vectors. For each node
either fully automatic or partially automatic algorithms. of the new FG, a jet similarity between its jet and the
In partially automatic algorithms, the eye coordinateget of the corresponding node of the FBG is calculated.
are known, whereas in fully automatic algorithms, theyThe graph similarity between the new FG and the FBG
are not. Improved recognition rates were achieved bys calculated based on the jet similarities and the edge
fully automatic and partially automatic versions of thevector differences. The optimal FG to represent the new
two proposed methods in comparison to their publishedace is found by maximizing the graph similarity, while
counterparts. Furthermore, the computational cost wadeforming the new FG placed on the image.
reduced by more than 85.0% for fully automatic versions, pPSO is an evolutionary computation technique [11],
in comparison to the original EBGM technique. [15], which can be used to find optima in complex
All four methods use only Gabor wavelet features forfunctions. It relies on the exchange of information be-
recognition. Even though Gabor wavelets are capable afveen individuals, calledparticles of the population,
extracting local feature information, they may lack thecalled swarm Each particle represents a solution, and
overall appearance of a face that would be provided bynay consist of several dimensions. Particles move within
appearance-based features such as eigenfaces in Princig@d search space with velocities, which are dynamically
Component Analysis (PCA) [13], [14]. Therefore, all four adjusted according to their past trajectories. Each partic
methods were hybridized with PCA, and the results ardjusts its trajectory toward its own previous best posjtio
compared. called personal best, and toward the best previous position
The organization of this paper is as follows. Section llattained by any member of the entire swarm, called global
describes the proposed fully automatic EBfM algo-  best. Therefore, the swarm efficiently uses the information

rithm. Section Ill describes how LMM was extended by available from its previous iterations to converge to the
combining Gabor wavelet features and gray-level profilesglobal optima.

Section IV describes how Gabor wavelet features were Tpg reasons behind choosing PSO and how a PSO algo-
hybr|d|zed. with eigenface features. Section V present$ithm works are discussed in our previous work [10]. One
the experimental results, followed by a summary andjisaqyantage of PSO is that it sometimes gets stagnated
discussion in section V1. at local optima. However, the local optimum found by
PSO is very close to the global optimum [16]. Thus,

Il. EBGM wIiTH PSO PSO would be a suitable method when quick solutions
In EBGM, N points known adiducial points[2], or ~ are desired, compromising the accuracy slightly.
landmarkd3], are selected at locations,, » € {1,.., N}, The main phases of fully automatic EBGN are

based on the a priori knowledge about the face. Thesgl) creation of the FBG, (2) face finding, (3) landmark
N landmarks generally represent important features of &inding, and (4) recognition, as illustrated in Fig. 1. The
face which are decided by the user. A face is representeskt of known face images available is called the gallery.
by an FG consisting ofV nodes, corresponding to the A new face that has to be recognized is called a probe
N landmarks, andZ edge vectors. Each node is labeled(query) image, and the set of probe images used for
with a jet that describes the local features of the aregesting is called the probe set. In the first phase, an FBG
surrounding the node. Thé’ edge vectorsz., e € was created as described in subsection II-A. By using
{1, .., E}, are computed a8, = Z,, — &, (displacements the FBG, the optimal FG for each image in the gallery
between the nodes), whes& edge vector connects node is automatically computed as described in subsections
n' (0 € {1,.,N}) with n. The geometrical structure II-B and II-C, and stored to represent the face. Two
of an FG, unlabeled by jets, is known as thed. The phases were used: face finding (FF) phase and landmark
nodes of the FG are overlaid on top of the landmarkdinding (LF) phase. In the face finding phase, the size and
of the face on a given image by deforming the grid. Anthe location of a new face are estimated approximately,
FBG is created as a generalized representation of faces whereas in the landmark finding phase, the locations
various individuals. The grid of the FBG is identical to of the landmarks are found more accurately. Once the
that of any FG. The FBG is designed to cover a wideface had been approximately located by the face finding
range of possible variations in a number of faces. Tgphase, the image is pre-processed, where the face region
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Figure 1. The phases of the fully automatic EBGd%
Figure 3. Interior and head-boundary nodes of the FF-FBG

is cropped, resized, and centered, in order to be used as

the input for the landmark finding phase. Therefore, thecorresponding edge vectors of the FGs of the FBG
uncertainty that the landmark finding phase had to0 COpg,;rce images were averaged, and stored. Furthermore,
with the input image is reduced. When a probe image ig,o ayerage landmark locations were found by averaging

given, its FG is computed and compared with the FG Of¢ 1y5qe |ocations corresponding to the same landmark

every gallery image. The gallery image with the FG thatover thea FBG source images
matches best with the FG of the probe image, is selected '

as the recognized face image, as described in subsection
I-D. B. Face Finding Phase

The face finding phase was carried out in two stages.

A. Creation of the Face Bunch Graph First, the head was approximately located in stagel, and

To form the FBG, 48 images48) were selected from then the face region was approximately located in stage
the gallery (no images from the test sets were used t8.
create the FBG). Two FBGs were created: face finding 1) Stage 1: The face finding FBG was formed by
FBG (FF-FBG) for the face finding phase, and landmarkaveraging over they jets of the nodes corresponding to
finding FBG (LF-FBG) for the landmark finding phase. the same landmark. Instead of using all the jets of an
Since the purpose of the face finding phase is to estimatntire bunch, using the average jet of the bunch reduces
the location of the face and its size approximately, fewethe computational cost in initial stages. This approach is
landmarks are adequate for the face finding FBG, angimilar to the initial stage of the original EBGM, as the
conversely for the landmark finding phase. The numbegverage jet of the bunch is used in stage 1 of the original
of landmarks was chosen intuitively. We selected 30 andEBGM [2].
40 landmarks to form the face finding FBG and the The FG correspondong to a particle was deformed by
landmark finding FBG, respectively. These landmarks ar@arying PSO dimensions of that particle. The nodes of
as same as those selected in [10]. All the faces in théhe deformable FG that has to be fitted to the new image
two FBGs were normalized (similar to the way in CSU’s were grouped into two rigid grids: the interior-nodes-grid
EBGM [17]), so that their sizes were equal and the headormed by the interior nodes shown inside the circle in
orientations were straight. Fig. 3, and the head-boundary-nodes-grid, formed by the

To create each of the two FBGs, an FG was computedodes on the head boundary. In a rigid grid, the nodes are
for each FBG source image as described below. For evest fixed locations relative to each other, however, the grid
FBG source image, a jet was computed at each landmags a single structure, is allowed to change its location.
similar to the way in [10], and stored. A jet describes theThe size and the location of each grid were varied using
local features of the area surrounding a landmark. Tha PSO algorithm to find their optimal values. The size of
set of o jets of all « images corresponding to one nodea grid was varied by multiplying the grid structure with
forms the bunch of that node. During matching of thea size factor. In order to vary the location of a grid, the
FBG with the deformable FG, the jet computed at a nodeenter point between the two eye nodes was used as a
of the latter was compared with every jet in the bunch ofreference point.
the corresponding node of the FBG. In the PSO algorithm, a particle corresponds to a

In our experiments, we intuitively selected 72 and 99deformable FG. This FG is deformed by varying the
edge vectors for the face finding FBG and the landvalues of the dimensions of the particle. In this stage,
mark finding FBG, respectively, as shown in Fig. 2. The8 particles were used, and they were initialized in a
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uniformly distributed manner. Each particle consists of
6 dimensions:

. 2 andy coordinates of the location of the reference =%
point corresponding to the interior-nodes-grig; L
andyy,

« its size factor (to scale the gridsfy,

« x andy coordinates of the location of the reference
point corresponding to the head-boundary-nodes-gri
(as a shift fromzy andy,): x5 andys, and

« its size factor (as a multiplication factor fef;): sfs;
i.e., the size factor used to scale the head-boundan
nodes-grid =sf, xsf;. p

The final node locations of the deformable FG calcu-

lated in each iteration using the above dimensions are

rounded to integer values, since the pixel locations of affrigure 4. Nodes of a face graph that corresponds to a padigieg
image are always integers. The jet similarisy (., J’) initialization and after iteration 1, 2, 3, 4, 5, 8, 12, 16 &l
between two jets/ and.J’ was calculated aS,(J,J') =
S a1 a2 a2, wherea; anda)) are the
magnitudes of thei*” component of the jets and.J’,

initialisation

procedure. As discussed earlier in section I, this approach
respectively. The jet/’ = J(&) of a node of the FG is is inefficient. Hence, we used PSO and improved the

computed at variable locatiorsin the new image. The jet S€arch mechanism in EBGMo

J is from the corresponding node of the face finding FBG. 2) Stage 2:In this stage, each node was moved locally
As the face finding FBG is used as an average FB@ (© find its bestfitting location. The search space was much
the average of the jets of that node. The true position of Smaller, since the head had already been approximately
a landmark (actual position of the landmark on the giverlocated in the previous stage. Similar to the way in [2],
image) can be located by finding the pixel location in thethe €dge vectors, in addition to jets, were used to compute
image that gives the maximum jet similarity. The graphthe graph similarity.

similarity between the FG of the new image and the face

finding FBG was computed a§S(FG, FF-FBG) = -

L ZnN:1 W Sa(JFC, JFF-FEG) whereN is the number C. Landmark Finding Phase

— G H
of nodes (V=30), J;/“ is the jet at node: of the FG, Landmark finding phase is similar to face finding phase.

J T7FBC s the jet of noden of the face finding FBG, |y contrast, the locations of the landmarks are found
andwy, is the weight assigned to node The objective g6 accurately. Instead of face finding FBG, landmark
function maximized by PSO was the graph similarity. finging FBG was used. The landmark finding FBG was
The weightsw,s were determined intuitively and experi- | ,saq without averaging (i.e., the entire bunch of a node
mentally by testing with a few different combinations of j5 considered for matching). After running the landmark
different weights on a few images. finding phase, the jets of the landmarks were computed on

A particle tries to achieve a higher graph similarity {he pistogram-equalized images, and stored to represent
value by adjusting its variables of the 6 PSO dimensionge face.

after every iteration. The velocities calculated based on

the history of the graph similarity values of the particles,

guid_e the swarm to the ma}xima_. PSO _iterations_ wergy Recognition Phase

terminated if the best solution did not improve in 10

consecutive iterations, or the number of iterations redche When a probe image is given, its FG is computed and

20. For example, the nodes of an FG that corresponds toa similarity score between this FG and the FG of each

particle during initialization and after iterations 1, 2,43  gallery image is computed. The gallery image with the

5, 8, 12, 16 and 20, are shown in Fig. 4. The size factohighest similarity score is selected as the recognized face

and the location of the reference point of the interior- Let the probe image b&, and thez'" image in the

nodes-grid corresponding to the best solution, were thgallery beG*. The similarity score betweeR andG” is

input for the stage 2. calculated asM S(P,G*) = Zﬁ;l wpjsy, wherejs® is
The original EBGM uses the gradient descent methodhe jet similarity betweem!” landmark ofG* and that of

to locate a landmark. Since many landmarks must be’, w, is the weight assigned tps%, andN is the number

reliably located, using only the gradient descent methoaf landmarks. We refer to the weights,s as Recognition-

would be inefficient as it may often get stagnated atPhase-Landmark-Weights (RPLWS). Assigning different

local optima when the number of dimensions of theweights to different landmarks varies the capability of a

search space increases. Therefore, the original EBGIvhethod to distinguish/discriminate different faces. Bier

uses a heuristic algorithm in conjunction with the gradienfore, with the optimal RPLWSs, highest recognition rates

descent method to optimize the face graph matchingvould be achieved.
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1) Optimization of Recognition-Phase-Landmark-
Weights: In the previously presented LMM [10], three
data sets known af®, fb, anddupl of the third FERET
test [12] were used to test the performance of the LMM
algorithm. The same data sets were used to optimiz
the RPLWSs. Intention of using all the images of the
above three data sets was to achieve a generalized set
RPLWSs which would represent a large set of samples
Even though a large number of images is desirable t( 7
optimize the RPLWSs, they should be independent of / 4
testing images. If the testing images are used to optimiz
the RPLWSs, the resulting optimal RPLWs would be
fine-tuned for the testing data sets, thus would produce
higher recognition rates than that would be produced b

a set of RPLWSs optimized using a different data set)- LI 1T LIRS )

Hence, they cannot be considered as a generalized 2™ M E H A B EEPNEL b = 4 4

reasonable set of RPLWSs. Therefore, the approach in the A ; ) s
; ; ; Figure 6. The 30 average GLPs corresponding to the 30 no 0

prewously presented LMM [10] may be ma,ppmp”ate']fF—LDM (ordered based on the node number shown in Fig. 1 in)[10]

In order to obtain a more fair and generalized set o

optimal RPLWSs, we used 200 independent image pairs

of 200 different individuals (400 images, exclusivefaf finding LDM (LF-LDM) for the landmark finding phase.
fb, andduplsets) from the FERET database. We refer ©Orhe face finding LDM consists of 30 nodes, the same as

this image set as IS-ORPLW (image set f‘.)r OptimiZingthose of face finding FBG in EBGMo The landmark
RPLWSs). As the gallery of IS-ORPLW, 200 images Werefinding LDM consists of 40 nodes, the same as those

used, and as the probe set of IS-ORPLW, the other 208f landmark finding FBG in EBGMso Each LDM was

images which correspond to the same individuals of th(?ormed using the same images that were used to form the

200 gallery images, were used. FBG in EBGMbso
We optimized the RPLWSs by using a PSO algorithm, For each LDM source image, an LM was computed

similar to the way in the previous LMM [10]. By. Its as follows: Jets were computed at the landmarks of the
nature, PSO may not produce the same result fordﬁfere%ces in LDM source images, and averaged over the

runs because it is a randomized search process. Therefoi‘ﬁvIS of the LDM. Following the approach used in stage

Fhe optlrr;allls I;GRstLc\J/vnd for |Fhﬁt|g%:!$fry a?? tg?ﬁ probtel of the original EBGM [2], only the average magnitude
images of IS- were Stightly different for different ¢ .o Gabor wavelet coefficients in a bunch were used.

runs. This resulted in slightly different sets of RPLWs for Experiments were conducted using the average of the

diﬁerent runs. Hence, they were avgraged over three runf)hase of the Gabor wavelet coefficients, but did not
to obtain a reasonable and generalized set of RPLWS. improve the performance.

For every LDM source image, a GLP was extracted at

I1l. EXTENDING LANDMARK MODEL MATCHING each landmark. Each LDM source image was histogram

In LMM [10], a face is represented by a Landmark equalized prior to the extraction of GLPs, in order to
Model (LM). A Landmark Distribution Model (LDM) is reduce the effects of different lighting conditions. The
created using a few gallery images (referred to as LDMGLP G(i) is the set of image intensity values of the
source images). The optimal LM that represent a new facequare window withintp,, pixels surrounding the node
can be found by a model matching procedure where theepresented as a vector, wherec {1,..s2, }, and
similarity between the LM and the LDM is maximized. s, = 2p, + 1. We chosep,, = 4 for the face finding
LMM uses Gabor wavelets for feature extraction in theLDM, andp,, = 3 for the landmark finding LDM. The set
model matching procedure. Gabor wavelets are less senf o GLPs of allae LDM source images corresponding to
sitive to lighting variations, and robust against trarielat  one node were averaged to form an average GLP for that
distortion, and rotation [2]. Even though Gabor waveletsnode of the LDM. The GLP extraction process of the left
provide local frequency information, they may lack theeye is illustrated in Fig. 5 for one LDM source image.
information provided by the image intensities. Intensity The right-most image shows the average GLP calculated
variations, e.g. a uniform light patch and a uniform darkby averaging all the GLPs of the left eye of all the LDM
patch, can easily be distinguished by gray-level profilesource images. The 30 average GLPs corresponding to
(GLPs), whereas Gabor wavelets cannot. Therefore, wihe 30 nodes of the face finding LDM are shown in Fig.
propose extending LMM by combining the features ex-6.
tracted by both Gabor wavelets and 2D GLPs. The face finding and landmark finding phases

The LDM can be considered analogous to the FBGwere similar to those in previously presented LMM
in EBGMpso Two LDMs were formed: face finding [10]. The LM was deformed using the the princi-
LDM (FF-LDM) for the face finding phase, and landmark pal components of the LDM as described in previ-

GLP extracted after ~ average GLP
histogram
equalization

Figure 5. GLP extraction process
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ous LMM [10]. The jet similarity S,(J,J’') was cal- Gazfl’;i‘g?ivte'zzgfed
culated similarly as in EBGIso The total jet sim- EBGMpso Y
ilarity was calculated asSio, (LM, FF-LDM) =

Sy Sa(JEM, JFF-LDM) “Where n is the number | locations of - [Normalization sh;gg;;fy'zi‘jﬂi —
of nodes £=30), JM is the jet at node of the LM, | on head and > Recognition
JEF-LDM s the jet of node of the face finding LDM, o boundary Hybridization

and w; is the weight assigned to node The GLP PCA

similarity between two GLPs7 and G’ was calculated  [on face region | Bigenface-based

as,Sglp(G,G’) —1_ mz;i‘f‘ G(j) _ G/(]) similarity score

where G’ is the GLP of a node of the LM computed  rigyre 7. Hybridization of fully automatic EBGpgo with PCA

at variable locationst in the new image,G is from

the corresponding node of the face finding LDM, and

Imag 1S the maximum possible intensity,{,,=255). The B. Hybridization with Gabor Wavelet Features

total GLP similarity between the LM and the face find- Hybridizing Gabor wavelet features with eigenface

Ing LDM was CL?\ZHDU;quL%SﬁmM(LM, FF-LDM) = features have not been investigated in previous works,
D iy WiSgup(G™, G 7 "H ), where n is the nUM-  gyen though the performance of applying PCA to Gabor
ber of nodes #(=30), GiM is the GLP at nodel of  \yayelet features had been investigated [18]. Methods of
the LM, G P s the GLP of nodei of the face  ypridizing different classifiers based on probabilistic
finding LDM, and w; is the weight assigned to node ggtimations have been investigated in previous works [19],
i. The objective function maximized by PSO was the[pg] These methods are more suitable when multiple
model similarity between the LM and the face finding samples per class are available. However, the number of
LDM, which was computed as\/ S(LM, FF-LDM) = ggmples available per class (person) in face recognition
WaStot, +WyipStot,,» Wherew, andwg, are the weights g often very limited in practice, due to the time, effort
assigned to combing;,;, and Si,r,,,, respectively. We  ang cost involved in collecting data [21]. Hence, the
intuitively chosew, = wg, = 0.5. practicality is taken into consideration in this work, we
focus on using only one image per subject for the gallery.
In such a case, score-level fusion has to be performed to
hybridize different methods [21]-[23].
1) Normalization of similarity scores:Prior to hy-
Even though the Gabor wavelets are capable of eXt_)ridization, similarity scores obtained by different meth
ods must be normalized in order to transform them into a

tracting rich local feature information, they may lack the :
overall appearance of a face that would be provided byommon domain, so that they are comparable. A number
score normalization methods have been investigated

appearance-based features such as eigenfaces. Theref&fe,

when performing the recognition in the recognition phase'kn previous works [21], [23], [24]_' We tested three well-
it would be possible to improve the recognition ratesknown normalization techniques: Min-Max, Z-score, and

of all four methods: EBGM, EBGMso, LMM ers and Tanh. They were implemented similar to the way carried
LMM jetsagips by hybridizing them with PCA [13]. The out by. _Snehck et. al.. [24], bgt .adapted to suit fa_ce

hybridization process is similar for all four methods. For€cognition context. Brief descriptions and the modified

example, consider the case of hybridizing EBGMwith ~ CNanges are given below: o

PCA, as illustrated in Fig. 7. Once the FG has been found Min-Max: This method maps the raw similarity scores

by fully automatic EBGMso, the face region in each to the [0,1] range, based on their minimum and maximum
image was masked to avoid the effect of the backgrouno‘?OSSible values. Min-Max normalization is suited for the

To select the face region, the landmark locations on th&2S€ Where the minimum and the maximum bounds of the

head-boundary estimated by the landmark finding phasg™iiarity scores produced by a method is known [21]. In
were used, as indicated by the dashed-line arrow ifihe face recognition problem, it is not generally possible

Fig. 7. Images were resized to 8000, and histogram © find the bounds for any probe image using Min-Max

equalization was performed to reduce the effect oflighting{;ormal'zat'on' HOWGV?F It is po§S|bIe to es_tlmate the
variations. ounds that are specific for a given probe image, and

then use them to normalize the raw similarity scores.
Z-score This method transforms the raw similarity
scores to a distribution with a meam)(of 0 and a
standard deviatiors{) of 1. One advantage of this method
An eigenface-based similarity scorgS.;, between a is thaty ando can be estimated by using a fixed training
given probe image and each gallery image was computeset. We used IS-ORPLW as the training data set to
by performing PCA [13]. All the gallery images were usedestimatei, ando.
to form the covariance matrix. The number of eigenfaces Tanh: This method maps the raw similarity scores to
used for image representation was selected such that 958te [0,1] range using a hyperbolic tangent function, based
of the total variance was retained. on u ando. Both 4 ando can be estimated as in Z-score

IV. HYBRIDIZING GABOR WAVELET AND EIGENFACE
FEATURES

A. Computation of Eigenface Features
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. . TABLE |I.
normahzatﬁo.n- ] o COMPARISON OF RECOGNITION RATES%) FOR DIFFERENT
2) Hybridization of similarity scoresFor each normal- NORMALIZATION METHODS AGAINST DIFFERENT FUSION RULES

ization method, we tested LMM with four well-known

fusion rules [24]. Let the normalized similarity score | Algorithm Probe setfb Probe setdupl
between a given probe image and #tié gallery image be | LMMjets 92.1 51.6
NSS? for thei*" method, the hybridized similarity score | PCA 516 17.7
for the given probe image bH SS*, and the number of o
. - ] N lization: b b
methods being hybridized b#,,, (in our work, N,,=2). Fj;rz: |rzua:e|on @1 ® | ©@]0]F
FOHO;V.'ng Ifugon g?;ww_ere Eveft;(g G Simple-Sum | 73.4 | 83.3| 83.3 | 30.9 | 37.7 | 37.7
© Simpie-sumi oo —m%izl G Min-Score 68.7| 67.1| 67.1| 28.1| 295 | 295
« Min-Score HS5S5" = m"ax(NSS")' Max-Score | 69.7 | 83.0 | 83.0| 26.6 | 38.1 | 38.1
 Max-Score HSS® = 2" (NSSY). Weighted-Sum| 92.7 | 92.6 | 92.6 | 52.1 | 51.7 | 51.7

« Weighted-SUumHSS® = Y. w; NSS*, where
w; is the hybridization weight assigned to thé&
method, anozzji"i w; = 1.

Fusion rules such as Simple-Sum, Min-Score, and MaxT

S(iore hal;/e beer_ldlnvedstlgated |n_[2|1], [24];: ;‘m\%ejsr:{[ ition rate, RR. A particle corresponds ta,,,, and
rule can be considerea as a special case ot tne YWeIGNIefls \qists of only one dimension. We used 20 particles,

Surtrr: rgle,lrvﬁerebequal wzlghts are Esag?ed tq d|fferenénd 70 PSO iterations. The allowed range of the search
methods. It has been used in a number of previous wor pace for the dimension was from 0 to 1.

[22}’ [25]. ﬁsgnmg.;qualtw.eglhts'tmay not b_?hthe fOpt" To compare the performance of different normaliza-
mal way of Tusing difterent simifarity SCOres. Therelore, ., methods against different fusion rules, average of

we propose (o optimize the hybridization weights. Byrecognition rates were calculated for LM algorithm
optimizing hybridization weights, it would be possible to over 3 runs. To use the Weighted-Sum rule with optimal

find the optimal relative contribution from each method e . o
toward the single hybridized method that would producefhglt?r:gjlfsgogp\grer:gm S foraia(éz:;im z;llz;és\?err;gth?ho:g:/ae

the optimum hybridized similarity score for a given probe.runS on IS-ORPLWS, and then they were averaged to

In our work, the two methods are the Gabor wavelet- . . : L .
based method and the PCA. Hybridization weights wer obtain an optimal generalized set of hybridization weights

Efor that normalization method. The recognition rates are
optimized using a PSO algorithm, as described in subsec- 9

tion IV-C. The gallery image with the highesfSS was tompared in Table | for different normalization methods

. . ) against different fusion rules. The best result for each
selected as the recognized face for the given probe |magS.robe set is shown in boldface. The Weighted-Sum rule

with optimal hybridization weights produced the highest
recognition rates. Recognition rates achieved by other
fusion rules are less than those of LNiM When the
Weighted-Sum rule is used with optimal hybridization
weights, the recognition rates achieved by different nor-
malization methods are similar. This shows that the effect
of normalization is small when the hybridization weights
are optimized. Since Min-Max normalization method pro-
duced the best results, we chose it as the normalization
method for the comparison of the other algorithms. When

(@) Min-Max  (b) Z-score (c) Tanh

he objective function maximized by PSO was the recog-

C. Optimization of Hybridization Weights

We used the images in IS-ORPLWSs to find the optimal
hybridization weights. Consider the case of hybridizing
LMM jets With PCA.

Let the z** image in the gallery of the IS-ORPLW
be G*, and they'" image in the probe set of the IS-
ORPLW be PY. Let the corresponding image aP¥
in the gallery bef(PY), where f is the function that
gives the corresponding image in the gallery for the

given probe ;mageDy. Thi hybndglczgd similanty score Min-Max normalization was used, the optimal weights
S5com(PY,G*), betweenP¥ and G is calculated as, calculated for LMM werew,,q,=0.946 andw.;=0.054.

HSSeom(PY,G") = WyavSShq, +wepSSY, (1) Similarly, an optimal generalized set of hybridization
weights were found when hybridizing EBG¥b with
PCA by using Min-Max normalization, and they were,
Wyar=0.952 andw, y=0.048.

whereSSY7 is the Gabor wavelet-based similarity score
betweenP? and G*, and SS!;" is the eigenface-based
similarity score betweer?? and G*. Let G¥  be the

gallery image that has the highest hybridized similarity
score withP?; i.e., V. EXPERIMENTAL RESULTS

GV =G |z arg MaXigss(pv,Ge)}-
Then, the recognition rate was calculated &5 =
{Z;le ¢y}/Np, where Np is the number of images in
the probe set, and, is given by,

A. D
?) ata Sets Used

In our experiments, three standard data sets known as
fa, fb, anddupl of the third FERET test [12] were used.
The images in all three sets had been selected from the
FERET database, and taken on the frontal pose.fahe

1, if G¥" = f(PY), set was used as the gallery. THe and thedupl sets
¢ =10, otherwise (3)  were used as probe sets. The images inftheet had
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TABLE II.

been taken on the same session that the images ifathe FACE FINDING ERRORS ANDCOMPUTATIONAL COSTS
set had been taken, whereas the images indtipl set

had been taken on a different day. Every image in each| Algorithm Mean error of | Computational cost
probe set has a corresponding image of the same person face finding relative to * (%)

in the gallery. Thefa and thefb sets consist of 1196 and pixels | ¢ (%) | only FF | FF and LF
1195 images, respectively, with one image per person.| EBGM 46 | 138 | 440 100.0*
The duplset consists of 722 images, with one or more | EBGMpso 35 | 104 4.6 14.5
images per person. As expected, the variations among LMMiets 28 | 84 2.7 121
the corresponding faces of thia and thedupl sets are LMM jetsegips | 2.7 | 8.2 3.0 12.3

larger than those of thia and thefb sets. Therefore, the
faces in theduplset are more difficult to recognize than
those in thefb set. When creating the FBG and the LDM, By jts nature, PSO may not produce the same result

48 images from the gallery were selected. Obviously, NGqr different runs. Furthermore, the number of iterations

images from the testing setéb(or dupl) were used t0 e ysed was small. Therefore, the results of EBGM

create the FBG or LDM. and LMM were slightly different for different runs. The
averaged values were taken over three runs.

B. Face Finding Results and the Computational Costs ¢ Fgce Recognition Results

We assume that the mid point of the two eyes would 1) Computing Recognition RatesFace recognition
be an approximate representation for the location of aate is the percentage of the number of probe images
face. We compared the error between the true midpointecognized (correctly matched to the corresponding image
calculated using the known eye coordinates and the esa the gallery) to the total number of probe images.
timated mid point between the eyes. Since the sizes ofhey are compared for all the methods in Table Il
the faces were significantly different, measuring the facél'he results of the fully automatic and partially automatic
localization error based on the pixel error between thelgorithms are shown in the top and the bottom halves of
true location and the estimated location, would not beTable Ill, respectively. We consider original EBGM [12]
sensible. This is due to the fact that, an error of one pixeaind LMMieis [10] as the reference methods. Previously
on a smaller face is more significant than that on a largepublished results are shown in vertical boldface, and the
face. Therefore, it would be more appropriate to measurbest method in general is shown in italic boldface. In [10],
the error relative to the size of the face. Hence, the error only the recognition rates of fully automatic LM% were
was calculated relative to the distance between the left angbported. In this work, we found its partially automatic
the right eye ass = ||Z1rue —Zest ||/ || Zie freye — Erighteyells recognition rates, and they are not shown in vertical
wherez,,... is the true location of the mid point between boldface as they have not been reported elsewhere.
the two eyesz.,; is the estimated location of the mid  All PCA methods are performed on the input images,
point between the two eyes;. ., and,;4,: are the where the face region was selected using the landmark
true locations of the left and the right eye, respectivelylocations found by fully automatic methods in their sub-
The mean error was calculated by averaging the errorscript. Recognition rates of PCA alone are not shown as
over these 1196 images. Table Il shows the mean errothey are not competitive with other methods, including the
and the computational costs of the face finding phase onlyeference methods. Hybridized versions of the algorithms
and both the face finding and landmark finding phasesare indicated by ‘+'. The ranking of the best three methods
of fully automatic EBGMso and LMM for one image, for each probe set are shown within parentheses.
compared with the fully automatic EBGM algorithm (cost As described in subsection V-B, the results of the
assumed as 100%) implemented according to [2] and [3methods that use PSO were slightly different for different
The computational costs of the recognition phase for anyuns. Therefore, the recognition rates of the algorithms
of the methods (EBGM, EBGM;o, LMM, PCA, and that use PSO were averaged over three runs.
hybridized versions) are not shown as they are compar- As can be seen from Table lll, in this work, we
atively negligible. Two experiments were performed forhave improved the recognition rates by several methods
LMM: In LMM jets, ONly the Gabor wavelet features were compared to LMNLis. However, the recognition rates of
used, whereas in LMMsggips, both the Gabor wavelet LMM g in previously presented LMM [10] are higher
features and the GLPs were used. The recognition ratghan the recognition rates of LM and other improved
obtained by using only the GLPs were much lower,methods in this work, for some cases. This is due to the
thus, not shown. EBGMso and LMMesegips reduced  fact that in previously presented LMM [10], the RPLWs
the computational cost of EBGM by 85.5% and 87.7%,were optimized using the same images in the testfbets
and the mean error of the face finding phase by 3.4%nd dupl, thus the resulting optimal RPLWs would be
and 5.8%, repectively. Gabor wavelet features of all thdine-tuned to the test sets. However, in this work, optimal
methods in Table Il were computed in spatial domain.RPLWs are obtained using an image set independent
Advantages of computing them in spatial domain overof the test sets, thus they would be more generic and
Fourier domain are discussed in [26]. reasonable.
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TABLE IIl.

COMPARISON OFFAGE RECOGNITION RATES = 15.2% for dupl set. By combining Gabor wavelet

features and GLPs for locating landmarks, and hybridiz-
Algorithm Recognition Rate (% ing Gabor wavelet features with eigenface features for
fo dupl recognition, recognition rates of fully automatic LM\
were improved by 1.4% and 3.1% ffiv and dupl sets,
respectively. The best method in general is LiMMgips

Fully Automatic Algorithms:

EBGM 86.3 434 + PCA, and incorporates all three approaches: model
EBGM + PCAeggm 86.3 43.4 matching procedure with PSO, combined usage of Gabor
EBGMpso 92.0 50.0 wavelet features and GLPs for locating landmarks, and
EBGMpso + PCAEBGMpg 92.4 50.7 hybridizing Gabor wavelet features with eigenface fea-

tures for recognition. It improved the recognition rates
of EBGM by 8.2% and 22.6% fofb and dupl sets,
respectively. We could not achieve an improvement in

LMM jets 92.1 51.6
LMM jets + PCAum 92.7(3) | 52.1(3)

jets

LMM jetseglps 92.8(2) | 52.7(2) the recognition rates by EBGM + PGAgum. This would
LMMjetsggips + PCALMMjets&glps 934 (1) | 532 (1) be due to_ the fact that the Ian.dme_lrks located by EBGM
are not highly accurate, resulting in less accurate Gabor
Partially Automatic Algorithms: wavelet features.
USC's EBGM [12] 95.0 | 59.1 A similar trend in the improvements were achieved by
CSU's EBGM [17] 89.8 46.3 the proposed extensions for partially automatic versions,
EBGMpso 96.1 59.3 in most cases. However, the improvements are small in
EBGMpso + PCA 96.5 60.0 some cases, as it is easier for most of the considered
LMM s 96.5 61.5 algc_)rlthms in Tablt_a [l to perform well when the eye co-
LMM jegs + PCA 96.9(2) | 63.3(1) ordinates are provided. In general, the best three methods
LMM 96 9 620 are LMMjets&g|pS + PCA, LMMjets&g|ps, and LMMjetS +
ets&glps 9(2) 0@ PCA, which are introduced in this work.
LMM etsg gips + PCA 97.1(1) | 63.2(2)

V1. SUMMARY AND DISCUSSION
The contributions of this work are,

The details on USC’s partially automatic EBGM al- 1) optimization of EBGM with PSO,
gorithm are insufficient to implement and obtain results 2) combined usage of Gabor wavelets and 2D GLPs

for comparison. Therefore, we did not implement it. The for feature extraction,

recognition rates of partially automatic EBGM shown in  3) hybridization of Gabor wavelet and eigenface fea-
the Table Il are those of the USC's original EBGM tures, and

reported in the third FERET test [12], and CSU’'s EBGM 4) comparison of experimental results of both fully
reported by D. Bolme [17]. As the similarity values automatic and partially automatic versions of

of USC’'s EBGM corresponding to the images are not EBGMpso and LMM with EBGM.

available, we could not hybridize it with PCA. When e introduced the concept of 2 previously [9]. In this

hybridizing partially automatic EBGMsoand LMM with  paper, we have described it in detail, illustrated it more
PCA, the face region was selected from an image usinglearly, and improved the results.

the known eye coordinates. Therefore, the landmark lo- The locations of the nodes of an LM in LMM are
cations found by EBGMso or LMM were not required  varied more effectively than those of an FG in EBGY,
to select the face region. since the architecture of varying the overall geometric
2) Comparison of Recognition Rate$he fully auto-  structure of an LM causes less distortions to the generic
matic algorithms have more practical significance tharface structure than an FG. This is due to the fact that in
the partially automatic algorithms, since the manuallyLMM, the variations of the node locations are based on
selected eye coordinates are not available in practiceheir principal components, whereas in EB&, they
When comparing the recognition rates of the fully au-are only somewhat guided by the patterns of edge vector
tomatic algorithms, it can be seen from Table Ill thatvariations. The recognition rates in Table Ill reveal that
all the proposed extensions in this work, which are theLMM j¢s is slightly better than EBGIMso in most cases.
optimization of EBGM, combined usage of Gabor waveletThis may imply that more effective variation of the node
and GLPs for feature extraction, and the hybridization oflocations of a deformable model, even with the average
Gabor wavelet and eigenface features, have improved thef a bunch of jets, is more productive than less effective
performance. variations of node locations, with an entire bunch of jets.
By optimizing the face graph matching procedure In this work, we implemented the PCA the way pre-
with PSO for locating landmarks, and hybridizing Gaborsented by M. Turk et. al. [13]. PCA has been improved
wavelet features with eigenface features for recognitionsignificantly over the past few years, since then. Hybridiz-
recognition rate of fully automatic EBGM was improved ing our algorithms with such improved versions of PCA
by (92.0-86.3)/86.3 = 6.3% fdb set, and (50.0-43.4)/43.4 would improve the recognition rates further.
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Recognition rates achieved by our own implementatiorj13] M. Turk and A. Pentland, “Eigenfaces for recognition,’
of the original fully automatic EBGM were lower than Journal of Cognitive Neuroscienceol. 3, no. 1, pp. 71—
their reported recognition rates [12]. There is lack of 86, 1991.

detailed d tation to imol tit th EM] B. Moghaddam and A. Pentland, “Probabilistic visual
etaiied documentation to impiement it the same way, a learning for object representationEEE Transactions on

also mentioned by D. Bolme [17]. A detailed report of Pattern Analysis and Machine Intelligenoeol. 19, no. 7,

our proposed methods is available upon request. pp. 696-710, 1997.
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