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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.

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 22.6% and
speeds up the processing time by 8 times over the Elastic
Bunch Graph Matching for the fully automatic case.

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

I. I NTRODUCTION

Face recognition is a challenging problem in pattern
recognition research. Many face recognition methods have
been proposed in the past few years, and Elastic Bunch
Graph Matching (EBGM) [1]–[5] is considered as one of
the successful methods. In EBGM, a face is represented
by a face graph (FG). The local features of a facial
landmark are represented by a jet, where a jet is a set
of Gabor wavelet features. A Face Bunch Graph (FBG)
is created as a generalized representation of faces of
various individuals, thus, it consists of a ‘bunch’ of jets
corresponding to a landmark. To obtain the optimal FG to
represent a new face, a two-step approach is adopted. The
first step is to create a new FG for the new face, which will
be fitted to the face in the second step. The fitting of the
FG to the face is made by an iterative face graph matching
procedure, where its geometrical structure is deformed
until the graph similarity between the FG and the FBG is

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:

• 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.

• It initially 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.

• 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
Landmark Model Matching (LMM) [9], [10] was pro-
posed, which incorporates an evolutionary optimization
method known as Particle Swarm Optimization (PSO)
[11]. LMM disregards the concept of using the entire
‘bunch’ of jets to locate a landmark. EBGM compares
against the best matching jet in the bunch, whereas LMM
compares against only the average of the jets. By using the
entire bunch of jets, it would be possible to cover a wide
variety of features that would exist in a face. Therefore, in
this work, we propose a new method named EBGMPSO,
which is an extension of EBGM that exploits its unique
strength of using a bunch of jets to locate a landmark. In
EBGMPSO, the face graph matching procedure of EBGM
is optimized using PSO.

Above methods use Gabor wavelets for feature extrac-
tion to locate the landmarks.In this work, we extended
Landmark Model Matching by combining Gabor wavelet
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features with gray-level profiles (GLPs) for feature ex-
traction. GLPs provide image intensity information that
is unavailable in a jet. We refer to this method as
LMM jets&glps, whereas we refer to the LMM previously
published [10] as LMMjets. We compare face localization
and recognition results of the two proposed methods
EBGMPSO and LMMjets&glps with their previously pub-
lished counterparts EBGM and LMMjets, for the datasets
provided with FERET database [12].

All four methods (EBGM, EBGMPSO, LMM jets, and
LMM jets&glps) can be used for face databases where only
one image per person is available. They can be used as
either fully automatic or partially automatic algorithms.
In partially automatic algorithms, the eye coordinates
are known, whereas in fully automatic algorithms, they
are not. Improved recognition rates were achieved by
fully automatic and partially automatic versions of the
two proposed methods in comparison to their published
counterparts. Furthermore, the computational cost was
reduced by more than 85.0% for fully automatic versions,
in comparison to the original EBGM technique.

All four methods use only Gabor wavelet features for
recognition. Even though Gabor wavelets are capable of
extracting local feature information, they may lack the
overall appearance of a face that would be provided by
appearance-based features such as eigenfaces in Principal
Component Analysis (PCA) [13], [14]. Therefore, all four
methods were hybridized with PCA, and the results are
compared.

The organization of this paper is as follows. Section II
describes the proposed fully automatic EBGMPSO algo-
rithm. Section III describes how LMM was extended by
combining Gabor wavelet features and gray-level profiles.
Section IV describes how Gabor wavelet features were
hybridized with eigenface features. Section V presents
the experimental results, followed by a summary and
discussion in section VI.

II. EBGM WITH PSO

In EBGM, N points known asfiducial points[2], or
landmarks[3], are selected at locations~xn, n ∈ {1, .., N},
based on the a priori knowledge about the face. These
N landmarks generally represent important features of a
face which are decided by the user. A face is represented
by an FG consisting ofN nodes, corresponding to the
N landmarks, andE edge vectors. Each node is labeled
with a jet that describes the local features of the area
surrounding the node. TheE edge vectors~xe, e ∈
{1, .., E}, are computed as~xe = ~xn−~xn′ (displacements
between the nodes), whereeth edge vector connects node
n′ (n′ ∈ {1, .., N}) with n. The geometrical structure
of an FG, unlabeled by jets, is known as thegrid. The
nodes of the FG are overlaid on top of the landmarks
of the face on a given image by deforming the grid. An
FBG is created as a generalized representation of faces of
various individuals. The grid of the FBG is identical to
that of any FG. The FBG is designed to cover a wide
range of possible variations in a number of faces. To

form the FBG,α face images (referred to as FBG source
images) that cover major deviations in a database, such
as faces of different genders and races, and faces with
open eyes, closed eyes, spectacles, etc., are selected. For
each FBG source image, theN landmarks are manually
selected, placing each of theN points on the selected
location of the face. When a new image is given, theN

nodes of the new FG that has to be computed are placed
on the new image at the locations given by the average
locations of the corresponding nodes of theα grids of the
FBG. The new FG is computed by extracting the jets at
its nodes and calculating the edge vectors. For each node
of the new FG, a jet similarity between its jet and the
jet of the corresponding node of the FBG is calculated.
The graph similarity between the new FG and the FBG
is calculated based on the jet similarities and the edge
vector differences. The optimal FG to represent the new
face is found by maximizing the graph similarity, while
deforming the new FG placed on the image.

PSO is an evolutionary computation technique [11],
[15], which can be used to find optima in complex
functions. It relies on the exchange of information be-
tween individuals, calledparticles, of the population,
called swarm. Each particle represents a solution, and
may consist of several dimensions. Particles move within
the search space with velocities, which are dynamically
adjusted according to their past trajectories. Each particle
adjusts its trajectory toward its own previous best position,
called personal best, and toward the best previous position
attained by any member of the entire swarm, called global
best. Therefore, the swarm efficiently uses the information
available from its previous iterations to converge to the
global optima.

The reasons behind choosing PSO and how a PSO algo-
rithm works are discussed in our previous work [10]. One
disadvantage of PSO is that it sometimes gets stagnated
at local optima. However, the local optimum found by
PSO is very close to the global optimum [16]. Thus,
PSO would be a suitable method when quick solutions
are desired, compromising the accuracy slightly.

The main phases of fully automatic EBGMPSO are
(1) creation of the FBG, (2) face finding, (3) landmark
finding, and (4) recognition, as illustrated in Fig. 1. The
set of known face images available is called the gallery.
A new face that has to be recognized is called a probe
(query) image, and the set of probe images used for
testing is called the probe set. In the first phase, an FBG
was created as described in subsection II-A. By using
the FBG, the optimal FG for each image in the gallery
is automatically computed as described in subsections
II-B and II-C, and stored to represent the face. Two
phases were used: face finding (FF) phase and landmark
finding (LF) phase. In the face finding phase, the size and
the location of a new face are estimated approximately,
whereas in the landmark finding phase, the locations
of the landmarks are found more accurately. Once the
face had been approximately located by the face finding
phase, the image is pre-processed, where the face region
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Figure 1. The phases of the fully automatic EBGMPSO

is cropped, resized, and centered, in order to be used as
the input for the landmark finding phase. Therefore, the
uncertainty that the landmark finding phase had to cope
with the input image is reduced. When a probe image is
given, its FG is computed and compared with the FG of
every gallery image. The gallery image with the FG that
matches best with the FG of the probe image, is selected
as the recognized face image, as described in subsection
II-D.

A. Creation of the Face Bunch Graph

To form the FBG, 48 images (α=48) were selected from
the gallery (no images from the test sets were used to
create the FBG). Two FBGs were created: face finding
FBG (FF-FBG) for the face finding phase, and landmark
finding FBG (LF-FBG) for the landmark finding phase.
Since the purpose of the face finding phase is to estimate
the location of the face and its size approximately, fewer
landmarks are adequate for the face finding FBG, and
conversely for the landmark finding phase. The number
of landmarks was chosen intuitively. We selected 30 and
40 landmarks to form the face finding FBG and the
landmark finding FBG, respectively. These landmarks are
as same as those selected in [10]. All the faces in the
two FBGs were normalized (similar to the way in CSU’s
EBGM [17]), so that their sizes were equal and the head
orientations were straight.

To create each of the two FBGs, an FG was computed
for each FBG source image as described below. For every
FBG source image, a jet was computed at each landmark
similar to the way in [10], and stored. A jet describes the
local features of the area surrounding a landmark. The
set of α jets of all α images corresponding to one node
forms the bunch of that node. During matching of the
FBG with the deformable FG, the jet computed at a node
of the latter was compared with every jet in the bunch of
the corresponding node of the FBG.

In our experiments, we intuitively selected 72 and 99
edge vectors for the face finding FBG and the land-
mark finding FBG, respectively, as shown in Fig. 2. The

(a) FF-FBG (b) LF-FBG

Figure 2. Edge vectors of the FF-FBG and the LF-FBG

Figure 3. Interior and head-boundary nodes of the FF-FBG

corresponding edge vectors of theα FGs of the FBG
source images were averaged, and stored. Furthermore,
the average landmark locations were found by averaging
the node locations corresponding to the same landmark
over theα FBG source images.

B. Face Finding Phase

The face finding phase was carried out in two stages.
First, the head was approximately located in stage1, and
then the face region was approximately located in stage
2.

1) Stage 1: The face finding FBG was formed by
averaging over theα jets of the nodes corresponding to
the same landmark. Instead of using all the jets of an
entire bunch, using the average jet of the bunch reduces
the computational cost in initial stages. This approach is
similar to the initial stage of the original EBGM, as the
average jet of the bunch is used in stage 1 of the original
EBGM [2].

The FG correspondong to a particle was deformed by
varying PSO dimensions of that particle. The nodes of
the deformable FG that has to be fitted to the new image
were grouped into two rigid grids: the interior-nodes-grid,
formed by the interior nodes shown inside the circle in
Fig. 3, and the head-boundary-nodes-grid, formed by the
nodes on the head boundary. In a rigid grid, the nodes are
at fixed locations relative to each other, however, the grid
as a single structure, is allowed to change its location.
The size and the location of each grid were varied using
a PSO algorithm to find their optimal values. The size of
a grid was varied by multiplying the grid structure with
a size factor. In order to vary the location of a grid, the
center point between the two eye nodes was used as a
reference point.

In the PSO algorithm, a particle corresponds to a
deformable FG. This FG is deformed by varying the
values of the dimensions of the particle. In this stage,
8 particles were used, and they were initialized in a
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uniformly distributed manner. Each particle consists of
6 dimensions:

• x andy coordinates of the location of the reference
point corresponding to the interior-nodes-grid:x1

andy1,
• its size factor (to scale the grid):sf1,
• x andy coordinates of the location of the reference

point corresponding to the head-boundary-nodes-grid
(as a shift fromx1 andy1): x2 andy2, and

• its size factor (as a multiplication factor forsf1): sf2;
i.e., the size factor used to scale the head-boundary-
nodes-grid =sf2×sf1.

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 an
image are always integers. The jet similaritySa(J, J ′)
between two jetsJ andJ ′ was calculated asSa(J, J ′) =∑39

j=0 aja
′

j/
∑39

j=0 a2
j

∑39
j=0 a′2

j , whereaj anda′

j are the
magnitudes of thejth component of the jetsJ and J ′,
respectively. The jetJ ′ = J(~x) of a node of the FG is
computed at variable locations~x in the new image. The jet
J is from the corresponding node of the face finding FBG.
As the face finding FBG is used as an average FBG,J is
the average of theα jets of that node. The true position of
a landmark (actual position of the landmark on the given
image) can be located by finding the pixel location in the
image that gives the maximum jet similarity. The graph
similarity between the FG of the new image and the face
finding FBG was computed asGS(FG,FF -FBG) =
1
N

∑N

n=1 wnSa(JFG
n , JFF -FBG

n ), whereN is the number
of nodes (N=30), JFG

n is the jet at noden of the FG,
JFF -FBG

n is the jet of noden of the face finding FBG,
and wn is the weight assigned to noden. The objective
function maximized by PSO was the graph similarity.
The weightswns were determined intuitively and experi-
mentally by testing with a few different combinations of
different weights on a few images.

A particle tries to achieve a higher graph similarity
value by adjusting its variables of the 6 PSO dimensions
after every iteration. The velocities calculated based on
the history of the graph similarity values of the particles,
guide the swarm to the maxima. PSO iterations were
terminated if the best solution did not improve in 10
consecutive iterations, or the number of iterations reached
20. For example, the nodes of an FG that corresponds to a
particle during initialization and after iterations 1, 2, 3, 4,
5, 8, 12, 16 and 20, are shown in Fig. 4. The size factor
and the location of the reference point of the interior-
nodes-grid corresponding to the best solution, were the
input for the stage 2.

The original EBGM uses the gradient descent method
to locate a landmark. Since many landmarks must be
reliably located, using only the gradient descent method
would be inefficient as it may often get stagnated at
local optima when the number of dimensions of the
search space increases. Therefore, the original EBGM
uses a heuristic algorithm in conjunction with the gradient
descent method to optimize the face graph matching

Figure 4. Nodes of a face graph that corresponds to a particleduring
initialization and after iteration 1, 2, 3, 4, 5, 8, 12, 16 and20

procedure. As discussed earlier in section I, this approach
is inefficient. Hence, we used PSO and improved the
search mechanism in EBGMPSO.

2) Stage 2:In this stage, each node was moved locally
to find its best fitting location. The search space was much
smaller, since the head had already been approximately
located in the previous stage. Similar to the way in [2],
the edge vectors, in addition to jets, were used to compute
the graph similarity.

C. Landmark Finding Phase

Landmark finding phase is similar to face finding phase.
In contrast, the locations of the landmarks are found
more accurately. Instead of face finding FBG, landmark
finding FBG was used. The landmark finding FBG was
used without averaging (i.e., the entire bunch of a node
is considered for matching). After running the landmark
finding phase, the jets of the landmarks were computed on
the histogram-equalized images, and stored to represent
the face.

D. Recognition Phase

When a probe image is given, its FG is computed and
a similarity score between this FG and the FG of each
gallery image is computed. The gallery image with the
highest similarity score is selected as the recognized face.

Let the probe image beP , and thexth image in the
gallery beGx. The similarity score betweenP andGx is
calculated as,MS(P,Gx) =

∑N

n=1 wnjsx
n, wherejsx

n is
the jet similarity betweennth landmark ofGx and that of
P , wn is the weight assigned tojsx

n, andN is the number
of landmarks. We refer to the weightswns as Recognition-
Phase-Landmark-Weights (RPLWs). Assigning different
weights to different landmarks varies the capability of a
method to distinguish/discriminate different faces. There-
fore, with the optimal RPLWs, highest recognition rates
would be achieved.
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1) Optimization of Recognition-Phase-Landmark-
Weights: In the previously presented LMM [10], three
data sets known asfa, fb, anddup1 of the third FERET
test [12] were used to test the performance of the LMM
algorithm. The same data sets were used to optimize
the RPLWs. Intention of using all the images of the
above three data sets was to achieve a generalized set of
RPLWs which would represent a large set of samples.
Even though a large number of images is desirable to
optimize the RPLWs, they should be independent of
testing images. If the testing images are used to optimize
the RPLWs, the resulting optimal RPLWs would be
fine-tuned for the testing data sets, thus would produce
higher recognition rates than that would be produced by
a set of RPLWs optimized using a different data set.
Hence, they cannot be considered as a generalized and
reasonable set of RPLWs. Therefore, the approach in the
previously presented LMM [10] may be inappropriate.
In order to obtain a more fair and generalized set of
optimal RPLWs, we used 200 independent image pairs
of 200 different individuals (400 images, exclusive offa,
fb, anddup1sets) from the FERET database. We refer to
this image set as IS-ORPLW (image set for optimizing
RPLWs). As the gallery of IS-ORPLW, 200 images were
used, and as the probe set of IS-ORPLW, the other 200
images which correspond to the same individuals of the
200 gallery images, were used.

We optimized the RPLWs by using a PSO algorithm,
similar to the way in the previous LMM [10]. By its
nature, PSO may not produce the same result for different
runs because it is a randomized search process. Therefore,
the optimal FGs found for the gallery and the probe
images of IS-ORPLW were slightly different for different
runs. This resulted in slightly different sets of RPLWs for
different runs. Hence, they were averaged over three runs,
to obtain a reasonable and generalized set of RPLWS.

III. E XTENDING LANDMARK MODEL MATCHING

In LMM [10], a face is represented by a Landmark
Model (LM). A Landmark Distribution Model (LDM) is
created using a few gallery images (referred to as LDM
source images). The optimal LM that represent a new face
can be found by a model matching procedure where the
similarity between the LM and the LDM is maximized.
LMM uses Gabor wavelets for feature extraction in the
model matching procedure. Gabor wavelets are less sen-
sitive to lighting variations, and robust against translation,
distortion, and rotation [2]. Even though Gabor wavelets
provide local frequency information, they may lack the
information provided by the image intensities. Intensity
variations, e.g. a uniform light patch and a uniform dark
patch, can easily be distinguished by gray-level profiles
(GLPs), whereas Gabor wavelets cannot. Therefore, we
propose extending LMM by combining the features ex-
tracted by both Gabor wavelets and 2D GLPs.

The LDM can be considered analogous to the FBG
in EBGMPSO. Two LDMs were formed: face finding
LDM (FF-LDM) for the face finding phase, and landmark

Figure 5. GLP extraction process

Figure 6. The 30 average GLPs corresponding to the 30 nodes ofthe
FF-LDM (ordered based on the node number shown in Fig. 1 in [10])

finding LDM (LF-LDM) for the landmark finding phase.
The face finding LDM consists of 30 nodes, the same as
those of face finding FBG in EBGMPSO. The landmark
finding LDM consists of 40 nodes, the same as those
of landmark finding FBG in EBGMPSO. Each LDM was
formed using the same images that were used to form the
FBG in EBGMPSO.

For each LDM source image, an LM was computed
as follows: Jets were computed at the landmarks of the
faces in LDM source images, and averaged over theα

LMs of the LDM. Following the approach used in stage
1 of the original EBGM [2], only the average magnitude
of the Gabor wavelet coefficients in a bunch were used.
Experiments were conducted using the average of the
phase of the Gabor wavelet coefficients, but did not
improve the performance.

For every LDM source image, a GLP was extracted at
each landmark. Each LDM source image was histogram
equalized prior to the extraction of GLPs, in order to
reduce the effects of different lighting conditions. The
GLP G(i) is the set of image intensity values of the
square window within±pn pixels surrounding the node
represented as a vector, wherei ∈

{
1, .., s2

win

}
, and

swin = 2pn + 1. We chosepn = 4 for the face finding
LDM, andpn = 3 for the landmark finding LDM. The set
of α GLPs of allα LDM source images corresponding to
one node were averaged to form an average GLP for that
node of the LDM. The GLP extraction process of the left
eye is illustrated in Fig. 5 for one LDM source image.
The right-most image shows the average GLP calculated
by averaging all the GLPs of the left eye of all the LDM
source images. The 30 average GLPs corresponding to
the 30 nodes of the face finding LDM are shown in Fig.
6.

The face finding and landmark finding phases
were similar to those in previously presented LMM
[10]. The LM was deformed using the the princi-
pal components of the LDM as described in previ-
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ous LMM [10]. The jet similarity Sa(J, J ′) was cal-
culated similarly as in EBGMPSO. The total jet sim-
ilarity was calculated as,Stota

(LM,FF -LDM) =∑n

i=1 wiSa(JLM
i , JFF -LDM

i ), where n is the number
of nodes (n=30), JLM

i is the jet at nodei of the LM,
JFF -LDM

i is the jet of nodei of the face finding LDM,
and wi is the weight assigned to nodei. The GLP
similarity between two GLPsG and G′ was calculated
as, Sglp(G,G′) = 1 − 1

Imaxs2

win

∑s2

win

j=1 |G(j) − G′(j)|,
where G′ is the GLP of a node of the LM computed
at variable locations~x in the new image,G is from
the corresponding node of the face finding LDM, and
Imax is the maximum possible intensity (Imax=255). The
total GLP similarity between the LM and the face find-
ing LDM was computed as,Stotglp

(LM,FF -LDM) =∑n

i=1 wiSglp(G
LM
i , GFF -LDM

i ), where n is the num-
ber of nodes (n=30), GLM

i is the GLP at nodei of
the LM, GFF -LDM

i is the GLP of nodei of the face
finding LDM, and wi is the weight assigned to node
i. The objective function maximized by PSO was the
model similarity between the LM and the face finding
LDM, which was computed as,MS(LM,FF -LDM) =
waStota

+wglpStotglp
, wherewa andwglp are the weights

assigned to combineStota
and Stotglp

, respectively. We
intuitively chosewa = wglp = 0.5.

IV. H YBRIDIZING GABOR WAVELET AND EIGENFACE

FEATURES

Even though the Gabor wavelets are capable of ex-
tracting rich local feature information, they may lack the
overall appearance of a face that would be provided by
appearance-based features such as eigenfaces. Therefore,
when performing the recognition in the recognition phase,
it would be possible to improve the recognition rates
of all four methods: EBGM, EBGMPSO, LMM jets and
LMM jets&glps by hybridizing them with PCA [13]. The
hybridization process is similar for all four methods. For
example, consider the case of hybridizing EBGMPSO with
PCA, as illustrated in Fig. 7. Once the FG has been found
by fully automatic EBGMPSO, the face region in each
image was masked to avoid the effect of the background.
To select the face region, the landmark locations on the
head-boundary estimated by the landmark finding phase
were used, as indicated by the dashed-line arrow in
Fig. 7. Images were resized to 80×100, and histogram
equalization was performed to reduce the effect of lighting
variations.

A. Computation of Eigenface Features

An eigenface-based similarity score,SSef , between a
given probe image and each gallery image was computed
by performing PCA [13]. All the gallery images were used
to form the covariance matrix. The number of eigenfaces
used for image representation was selected such that 95%
of the total variance was retained.

Figure 7. Hybridization of fully automatic EBGMPSO with PCA

B. Hybridization with Gabor Wavelet Features

Hybridizing Gabor wavelet features with eigenface
features have not been investigated in previous works,
even though the performance of applying PCA to Gabor
wavelet features had been investigated [18]. Methods of
Hybridizing different classifiers based on probabilistic
estimations have been investigated in previous works [19],
[20]. These methods are more suitable when multiple
samples per class are available. However, the number of
samples available per class (person) in face recognition
is often very limited in practice, due to the time, effort
and cost involved in collecting data [21]. Hence, the
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-
bridization, similarity scores obtained by different meth-
ods must be normalized in order to transform them into a
common domain, so that they are comparable. A number
of score normalization methods have been investigated
in previous works [21], [23], [24]. We tested three well-
known normalization techniques: Min-Max, Z-score, and
Tanh. They were implemented similar to the way carried
out by Snelick et. al. [24], but adapted to suit face
recognition context. Brief descriptions and the modified
changes are given below:

Min-Max : This method maps the raw similarity scores
to the [0,1] range, based on their minimum and maximum
possible values. Min-Max normalization is suited for the
case where the minimum and the maximum bounds of the
similarity scores produced by a method is known [21]. In
the face recognition problem, it is not generally possible
to find the bounds for any probe image using Min-Max
normalization. However, it is possible to estimate the
bounds 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 mean (µ) of 0 and a
standard deviation (σ) of 1. One advantage of this method
is thatµ andσ can be estimated by using a fixed training
set. We used IS-ORPLW as the training data set to
estimateµ andσ.

Tanh: This method maps the raw similarity scores to
the [0,1] range using a hyperbolic tangent function, based
on µ andσ. Both µ andσ can be estimated as in Z-score
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normalization.
2) Hybridization of similarity scores:For each normal-

ization method, we tested LMM with four well-known
fusion rules [24]. Let the normalized similarity score
between a given probe image and thexth gallery image be
NSSx

i for the ith method, the hybridized similarity score
for the given probe image beHSSx, and the number of
methods being hybridized beNm (in our work, Nm=2).
Following fusion rules were tested:

• Simple-Sum: HSSx =
∑Nm

i=1 NSSx
i .

• Min-Score: HSSx = min
i (NSSx

i ).
• Max-Score: HSSx = max

i (NSSx
i ).

• Weighted-Sum: HSSx =
∑Nm

i=1 wiNSSx
i , where

wi is the hybridization weight assigned to theith

method, and
∑Nm

i=1 wi = 1.
Fusion rules such as Simple-Sum, Min-Score, and Max-

Score have been investigated in [21], [24]. Simple-Sum
rule can be considered as a special case of the Weighted-
Sum rule, where equal weights are assigned to different
methods. It has been used in a number of previous work
[22], [25]. Assigning equal weights may not be the opti-
mal way of fusing different similarity scores. Therefore,
we propose to optimize the hybridization weights. By
optimizing hybridization weights, it would be possible to
find the optimal relative contribution from each method
toward the single hybridized method that would produce
the optimum hybridized similarity score for a given probe.
In our work, the two methods are the Gabor wavelet-
based method and the PCA. Hybridization weights were
optimized using a PSO algorithm, as described in subsec-
tion IV-C. The gallery image with the highestHSS was
selected as the recognized face for the given probe image.

C. Optimization of Hybridization Weights

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

Let the xth image in the gallery of the IS-ORPLW
be Gx, and theyth image in the probe set of the IS-
ORPLW be P y. Let the corresponding image ofP y

in the gallery bef(P y), where f is the function that
gives the corresponding image in the gallery for the
given probe imageP y. The hybridized similarity score
SScom(P y, Gx), betweenP y andGx is calculated as,

HSScom(P y, Gx) = wwavSSy,x
wav + wefSS

y,x
ef , (1)

whereSSy,x
wav is the Gabor wavelet-based similarity score

betweenP y and Gx, and SS
y,x
ef is the eigenface-based

similarity score betweenP y and Gx. Let Gy∗

be the
gallery image that has the highest hybridized similarity
score withP y; i.e.,

Gy∗

= Gx∗

|x∗= arg max
x {HSS(P y,Gx)}. (2)

Then, the recognition rate was calculated as,RR =
{
∑NP

y=1 cy}/NP , whereNP is the number of images in
the probe set, andcy is given by,

cy = {
1, if Gy∗

= f(P y),

0, otherwise. (3)

TABLE I.
COMPARISON OF RECOGNITION RATES(%) FOR DIFFERENT

NORMALIZATION METHODS AGAINST DIFFERENT FUSION RULES

Algorithm Probe set:fb Probe set:dup1
LMM jets 92.1 51.6
PCA 51.6 17.7

Normalization: (a) (b) (c) (a) (b) (c)

Fusion rule
Simple-Sum 73.4 83.3 83.3 30.9 37.7 37.7
Min-Score 68.7 67.1 67.1 28.1 29.5 29.5
Max-Score 69.7 83.0 83.0 26.6 38.1 38.1
Weighted-Sum 92.7 92.6 92.6 52.1 51.7 51.7

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

The objective function maximized by PSO was the recog-
nition rate, RR. A particle corresponds towwav, and
consists of only one dimension. We used 20 particles,
and 70 PSO iterations. The allowed range of the search
space for the dimension was from 0 to 1.

To compare the performance of different normaliza-
tion methods against different fusion rules, average of
recognition rates were calculated for LMMjets algorithm
over 3 runs. To use the Weighted-Sum rule with optimal
hybridization weights, for each normalization method we
found the optimalwwav as described above for three
runs on IS-ORPLWs, and then they were averaged to
obtain an optimal generalized set of hybridization weights
for that normalization method. The recognition rates are
compared in Table I for different normalization methods
against different fusion rules. The best result for each
probe 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 LMMjets. 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 normalization was used, the optimal weights
calculated for LMM were,wwav=0.946 andwef =0.054.
Similarly, an optimal generalized set of hybridization
weights were found when hybridizing EBGMPSO with
PCA by using Min-Max normalization, and they were,
wwav=0.952 andwef =0.048.

V. EXPERIMENTAL RESULTS

A. Data Sets Used

In our experiments, three standard data sets known as
fa, fb, anddup1of 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. Thefa
set was used as the gallery. Thefb and thedup1 sets
were used as probe sets. The images in thefb set had
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been taken on the same session that the images in thefa
set had been taken, whereas the images in thedup1 set
had been taken on a different day. Every image in each
probe set has a corresponding image of the same person
in the gallery. Thefa and thefb sets consist of 1196 and
1195 images, respectively, with one image per person.
The dup1 set consists of 722 images, with one or more
images per person. As expected, the variations among
the corresponding faces of thefa and thedup1 sets are
larger than those of thefa and thefb sets. Therefore, the
faces in thedup1set are more difficult to recognize than
those in thefb set. When creating the FBG and the LDM,
48 images from the gallery were selected. Obviously, no
images from the testing sets (fb or dup1) were used to
create the FBG or LDM.

B. Face Finding Results and the Computational Costs

We assume that the mid point of the two eyes would
be an approximate representation for the location of a
face. We compared the error between the true midpoint
calculated using the known eye coordinates and the es-
timated mid point between the eyes. Since the sizes of
the faces were significantly different, measuring the face
localization error based on the pixel error between the
true location and the estimated location, would not be
sensible. This is due to the fact that, an error of one pixel
on a smaller face is more significant than that on a larger
face. Therefore, it would be more appropriate to measure
the error relative to the size of the face. Hence, the errorǫ

was calculated relative to the distance between the left and
the right eye as,ǫ = ‖~xtrue−~xest‖/‖~xlefteye−~xrighteye‖,
where~xtrue is the true location of the mid point between
the two eyes,~xest is the estimated location of the mid
point between the two eyes,~xlefteye and ~xright are the
true locations of the left and the right eye, respectively.
The mean error was calculated by averaging the errors
over these 1196 images. Table II shows the mean error,
and the computational costs of the face finding phase only
and both the face finding and landmark finding phases
of fully automatic EBGMPSO and LMM for one image,
compared with the fully automatic EBGM algorithm (cost
assumed as 100%) implemented according to [2] and [3].
The computational costs of the recognition phase for any
of the methods (EBGM, EBGMPSO, LMM, PCA, and
hybridized versions) are not shown as they are compar-
atively negligible. Two experiments were performed for
LMM: In LMM jets, only the Gabor wavelet features were
used, whereas in LMMjets&glps, both the Gabor wavelet
features and the GLPs were used. The recognition rates
obtained by using only the GLPs were much lower,
thus, not shown. EBGMPSO and LMMjets&glps reduced
the computational cost of EBGM by 85.5% and 87.7%,
and the mean error of the face finding phase by 3.4%
and 5.8%, repectively. Gabor wavelet features of all the
methods in Table II were computed in spatial domain.
Advantages of computing them in spatial domain over
Fourier domain are discussed in [26].

TABLE II.
FACE FINDING ERRORS ANDCOMPUTATIONAL COSTS

Algorithm Mean error of Computational cost

face finding relative to * (%)

pixels ǫ (%) only FF FF and LF
EBGM 4.6 13.8 44.0 100.0*
EBGMPSO 3.5 10.4 4.6 14.5
LMM jets 2.8 8.4 2.7 12.1
LMM jets&glps 2.7 8.2 3.0 12.3

By its nature, PSO may not produce the same result
for different runs. Furthermore, the number of iterations
we used was small. Therefore, the results of EBGMPSO

and LMM were slightly different for different runs. The
averaged values were taken over three runs.

C. Face Recognition Results

1) Computing Recognition Rates:Face recognition
rate is the percentage of the number of probe images
recognized (correctly matched to the corresponding image
in the gallery) to the total number of probe images.
They are compared for all the methods in Table III.
The results of the fully automatic and partially automatic
algorithms are shown in the top and the bottom halves of
Table III, respectively. We consider original EBGM [12]
and LMMjets [10] as the reference methods. Previously
published results are shown in vertical boldface, and the
best method in general is shown in italic boldface. In [10],
only the recognition rates of fully automatic LMMjets were
reported. In this work, we found its partially automatic
recognition rates, and they are not shown in vertical
boldface as they have not been reported elsewhere.

All PCA methods are performed on the input images,
where the face region was selected using the landmark
locations found by fully automatic methods in their sub-
script. Recognition rates of PCA alone are not shown as
they are not competitive with other methods, including the
reference methods. Hybridized versions of the algorithms
are indicated by ‘+’. The ranking of the best three methods
for each probe set are shown within parentheses.

As described in subsection V-B, the results of the
methods that use PSO were slightly different for different
runs. Therefore, the recognition rates of the algorithms
that use PSO were averaged over three runs.

As can be seen from Table III, in this work, we
have improved the recognition rates by several methods
compared to LMMjets. However, the recognition rates of
LMM jets in previously presented LMM [10] are higher
than the recognition rates of LMMjets and other improved
methods in this work, for some cases. This is due to the
fact that in previously presented LMM [10], the RPLWs
were optimized using the same images in the test setsfb
and dup1, thus the resulting optimal RPLWs would be
fine-tuned to the test sets. However, in this work, optimal
RPLWs are obtained using an image set independent
of the test sets, thus they would be more generic and
reasonable.
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TABLE III.
COMPARISON OFFACE RECOGNITION RATES

Algorithm Recognition Rate (%)

fb dup1

Fully Automatic Algorithms:

EBGM 86.3 43.4
EBGM + PCAEBGM 86.3 43.4

EBGMPSO 92.0 50.0
EBGMPSO + PCAEBGMPSO

92.4 50.7

LMM jets 92.1 51.6
LMM jets + PCALMM jets

92.7 (3) 52.1 (3)

LMM jets&glps 92.8 (2) 52.7 (2)

LMMjets&glps + PCALMMjets&glps
93.4 (1) 53.2 (1)

Partially Automatic Algorithms:
USC’s EBGM [12] 95.0 59.1
CSU’s EBGM [17] 89.8 46.3

EBGMPSO 96.1 59.3
EBGMPSO + PCA 96.5 60.0

LMM jets 96.5 61.5
LMM jets + PCA 96.9 (2) 63.3 (1)

LMM jets&glps 96.9 (2) 62.0 (3)

LMMjets&glps + PCA 97.1 (1) 63.2 (2)

The details on USC’s partially automatic EBGM al-
gorithm are insufficient to implement and obtain results
for comparison. Therefore, we did not implement it. The
recognition rates of partially automatic EBGM shown in
the Table III are those of the USC’s original EBGM
reported in the third FERET test [12], and CSU’s EBGM
reported by D. Bolme [17]. As the similarity values
of USC’s EBGM corresponding to the images are not
available, we could not hybridize it with PCA. When
hybridizing partially automatic EBGMPSO and LMM with
PCA, the face region was selected from an image using
the known eye coordinates. Therefore, the landmark lo-
cations found by EBGMPSO or LMM were not required
to select the face region.

2) Comparison of Recognition Rates:The fully auto-
matic algorithms have more practical significance than
the partially automatic algorithms, since the manually
selected eye coordinates are not available in practice.
When comparing the recognition rates of the fully au-
tomatic algorithms, it can be seen from Table III that
all the proposed extensions in this work, which are the
optimization of EBGM, combined usage of Gabor wavelet
and GLPs for feature extraction, and the hybridization of
Gabor wavelet and eigenface features, have improved the
performance.

By optimizing the face graph matching procedure
with PSO for locating landmarks, and hybridizing Gabor
wavelet features with eigenface features for recognition,
recognition rate of fully automatic EBGM was improved
by (92.0-86.3)/86.3 = 6.3% forfb set, and (50.0-43.4)/43.4

= 15.2% for dup1 set. By combining Gabor wavelet
features and GLPs for locating landmarks, and hybridiz-
ing Gabor wavelet features with eigenface features for
recognition, recognition rates of fully automatic LMMjets

were improved by 1.4% and 3.1% forfb and dup1 sets,
respectively. The best method in general is LMMjets&glps

+ PCA, and incorporates all three approaches: model
matching procedure with PSO, combined usage of Gabor
wavelet features and GLPs for locating landmarks, and
hybridizing Gabor wavelet features with eigenface fea-
tures for recognition. It improved the recognition rates
of EBGM by 8.2% and 22.6% forfb and dup1 sets,
respectively. We could not achieve an improvement in
the recognition rates by EBGM + PCAEBGM. This would
be due to the fact that the landmarks located by EBGM
are not highly accurate, resulting in less accurate Gabor
wavelet features.

A similar trend in the improvements were achieved by
the proposed extensions for partially automatic versions,
in most cases. However, the improvements are small in
some cases, as it is easier for most of the considered
algorithms in Table III to perform well when the eye co-
ordinates are provided. In general, the best three methods
are LMMjets&glps + PCA, LMMjets&glps, and LMMjets +
PCA, which are introduced in this work.

VI. SUMMARY AND DISCUSSION

The contributions of this work are,
1) optimization of EBGM with PSO,
2) combined usage of Gabor wavelets and 2D GLPs

for feature extraction,
3) hybridization of Gabor wavelet and eigenface fea-

tures, and
4) comparison of experimental results of both fully

automatic and partially automatic versions of
EBGMPSO and LMM with EBGM.

We introduced the concept of 2 previously [9]. In this
paper, we have described it in detail, illustrated it more
clearly, and improved the results.

The locations of the nodes of an LM in LMM are
varied more effectively than those of an FG in EBGMPSO,
since the architecture of varying the overall geometric
structure of an LM causes less distortions to the generic
face structure than an FG. This is due to the fact that in
LMM, the variations of the node locations are based on
their principal components, whereas in EBGMPSO, they
are only somewhat guided by the patterns of edge vector
variations. The recognition rates in Table III reveal that
LMM jets is slightly better than EBGMPSO in most cases.
This may imply that more effective variation of the node
locations of a deformable model, even with the average
of a bunch of jets, is more productive than less effective
variations of node locations, with an entire bunch of jets.

In this work, we implemented the PCA the way pre-
sented by M. Turk et. al. [13]. PCA has been improved
significantly over the past few years, since then. Hybridiz-
ing our algorithms with such improved versions of PCA
would improve the recognition rates further.
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Recognition rates achieved by our own implementation
of the original fully automatic EBGM were lower than
their reported recognition rates [12]. There is lack of
detailed documentation to implement it the same way, as
also mentioned by D. Bolme [17]. A detailed report of
our proposed methods is available upon request.
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