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Abstract

In this manuscript we present a new multimodal biometric system named MAG for the detection and recognition of face, ear and
hand geometry. We propose a new feature extraction metric (Arity) and a modified classifier (Grep) as a part of MAG method. We
use Multi-objective genetic algorithm for the combinatorial search space optimization of ear, face and hand geometry. We show
that our proposed MAG method improves the performance and robustness of recognition when compared to methods proposed in
literature. We apply the proposed method to a variety of datasets and show the results.
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l. INTRODUCTION

The increase of terrorism and other kinds of criminal
actions, such as fraud in e-commerce, increased the
interest for more powerful and reliable ways to recognize
the identity of a person [1, 2]. To this end, the use of
behavioral or physiological characteristics, called
biometrics, is proposed. Biometrics is best defined as
measurable physiological and or behavioral
characteristics that can be utilized to verify the identity of
anindividual [1].

The recognition of individuals without their full co-
operation is in high demand by security and intelligence
agencies requiring a robust person identification system.
Many face recognition algorithms have been proposed so
far[3,4,5,6,7, 8. Algorithms related to recognition of ear,
hand geometry, iris, voice recognition have also been
proposed (See Handbook of Biometrics [9]). A multimodal
systemis a combination of fingerprint, face, iris and ear (for
instance) or any other combination of biometrics.
Multimodal biometrics can be used to overcome some of
the limitations of a single biometric. For instance, it is
estimated that 5% of the population does not have legible
fingerprints [1], a voice could be altered by a cold and face
recognition systems are susceptible to changes in ambient
lightand the pose of the subject.

A typical biometric system usually consists of that
specific biometric detection scheme followed by an
extraction methodology (which shrinks the dimensionality
of useful information) and then a classifier to make the
appropriate decision.

Chang et al.[10] used PCA on face and ear, with a
manual land marking method. With the largest dataset of
111 subjects, they achieved a combined recognition rate of
90%.Rahman and Ishikawa[11] also used PCA for

combining face and ear, they used profile images and
manually extracted features. On a dataset of 18 subjects of
profile face and ear, the recognition rate was 94.44%.
Middendorff and Bowyer[12] used PCA/ICP for face/ear,
manually annotating feature landmarks. On a 411 subject
dataset they were able to achieve a best fusion rate of
97.8%. Yuan eral.[13] used s FSLDA (full-space linear
discriminant analysis) algorithm on 75 subject database
with 4 images each (USTB) and on the ORL database of
75 subjects, achieving a best recognition rate of 98.7%.

Here we provide a new approach for appearance-
based multi-modal recognition that does not require a
subject's cooperation called as MAG method. We propose
a new feature extraction metric (Arity) and a modified
classifier (Grep) as a part of MAG method. We use Multi-
objective genetic algorithm for the combinatorial search
space optimization of ear, face and hand geometry. We
show that our proposed MAG method improves the
performance and robustness of recognition when
compared to methods proposed in literature. MAG stands
for the 3 keywords that are part of this method - Multi-
objective genetic algorithm (M), Arity (A) and Grep (G).

The remainder of this paper is organized as follows:
In section 2 we discuss an object identification technique
suitable for face, ear & hand geometry. In section 3 we
discuss PCA. In this section we present our new feature
extraction metric called Arity and compare the significance
between these methods. In section 4 we present the
modified quadratic classifier named Grep. In section 5 we
discuss the multi objective problem formulation involving
ear, face and hand geometric using multi objective genetic
algorithm. In section 6 we present the overall MAG
approach as a flow chart. In section 7 we discuss the
results obtained using this MAG method. Paper concludes
with conclusion and future direction.
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Il. OBJECT DETECTION

We extract the regions of interest using a Haar like
features based object detector provided by the open
source project OpenCV library [14]. This form of detection
system is based on the detection of features that display
information about a certain object class to be detected.
Haar like features encode the oriented regions in images
whenever they are found, they are calculated similarly to
the coefficients in Haar wavelet transformations. These
features can be used to detect objects in images, in this
case the human face, human hand geometry and the
human ear. The Haar like object detector was originally
proposed by Viola and Jones [15] and later extended by
Lienhartand Maydt[16].

A. Face Detection

To create a face detector we used 1000 positive face
samples and 2500 negative samples. The positive
samples were scaled to the same size of 24x24; yielding
the best and fastest results. The face detector worked very
well, detecting all faces, with a few false detections.

B. Ear Detection

To create the ear detector we also used 1000 positive
samples and 2500 negative images. The positive images
were scaled to a size of 16x24 to reflect the rectangular
dimensions of the ear. The ear detector worked well with a
few falsely detected ears, the problem was overcome by
selecting the larger detected object.

C. Hand Geometry Detection

To create the hand geometry detector we also used
1000 positive samples and 2500 negative images. The
positive images were scaled to a size of 16x24 to reflect
the rectangular dimensions of the hand geometry. The
hand geometry detector worked well with a few falsely
detected hand geometry, the problem was overcome by
selecting the larger detected object. Some of the sample

images are shownin Fig. 1.
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Fig. 1. Sample Home made dataset Images

lll. FEATURE EXTRACTION
A.PCA

Let X be a d-dimensional feature vector. In our case, d
is equal to the number of pixels of each face image. The
high dimensionality of X is a well-known problem for the
design of a good face recognition algorithm. Therefore,
methods for reducing the dimensionality of this image
space are required. To this end, principal component
analysis (PCA) is widely used.

Principal component analysis [4, 17] is defined by the
transformation:

Vi = WliCAxi 1]

where x, e X cR’,i=1,...,n (n samples). WPCA is a d-
dimensional transformation matrix whose columns are the
eigenvectors related to the eigenvalues computed
according to the formula:

he, = Se, [2]

where S is the scatter matrix (i.e. the covariance matrix):

S:Zn:(xi—m).(x,—m)',mzlzn:xl. [3]
i=1 n'io

This transformation is called Karuhnen-Loeve
transform. It defines the d-dimensional space in which the
covariance among the components is zero, because the
covariance matrix is diagonal. The eigenvalues
correspond to the variances of each component in the
transformed space. After ordering the eigenvalues by
increasing order, it is possible to consider a small number
of principal components exhibiting the highest variance.
The principal components of the transformed space are
also called the most expressive features, and the
eigenvectors related to the most expressive features are
called eigenfaces.

B. Arity

We propose a new feature extraction metric and call it
as Arity vector.

Let G = (V, E) be a directed graph without multiple
edges that represents a image, where the verticesv €
denote pixels. Relationships between these entities are
made up of directed edges e € £ An ordered pair of
pixels {i,j}| ijand i,j € V, is connected iff there is at least
one path from vertex | to vertex j in G. A arity is given by
n connected vertices and the way they are connected
with each other. The particular coherence which is
described by a pattern is always based on all edges that
exist between n vertices. The entirety of all distinct n-
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vertex patterns in G is then given by P" ={P",P’,...,P"}
where P" is the i-th pattern consisting of n vertices.
Actually, each pattern P" represents a set of isomorphic
connected subgraphs which have the same structural
properties and differ only in the participating vertices.
Accordingly, a pattern 2" comprehends a set of
instances, i.e., »'=(p:,p....p"y and each instance is a
unique subgraph 21", E;,) of G, with the subset of
vertices ¥, =¥ and the subset of edges £/, c £ (Figure
1). The edges in £/, are only incident to vertices in v,
and we denote them as the intrinsic edges of the pattern
instance £, Other edges, e< £\ E!; do not contribute to
the coherence of the vertices.”’, Moreover, these
extrinsic edges are part of the environment of £, which
describes how the pattern instance is embedded into the
image.

Following the logic of, we denote the arity of a pattern
instance £’; as how essential for all connections within a
image it is. To quantify this significance we eliminate all
edges of a pattern instance (i.e., its intrinsic edges £,
and measure how this affects the number of connected
ordered pairs of vertices in the network. An ordered pair
of vertices (i, j)li #jand i, j (£",) as the fraction of those
initially connected pairs of vertices in a network which
become disconnected if the intrinsic edges of the pattern
instance P are removed from the network.

Arity(P,) = 17% [4]

In Eq. 1 N is the total number of ordered pairs of vertices in
a graph G = (V, E) that are connected by at least one
directed path of any length. Itis supposed that N > 0, i.e.,
there exists at least one edge in the network that links two
different vertices. N' is the number of ordered pairs of
vertices in the subgraph G'=(V, E') of Gwhere E'=E/ £,
Therefore, G' is the subgraph of G that results from
removing the intrinsic edges of the pattern instance £
from G. The arity index of a pattern instance ranges
between 0 and 1, whereas zero indicates that the removal
of its intrinsic edges does not disconnect vertices within
the network and one denotes the cases when no pair of
vertices is connected any more.

Usually, several instances of a particular pattern can
be found in a network. For estimating the arity of the
pattern itself the impact of its representatives has to be
considered. We find that the average arity index of all
instances of a pattern reflects this appropriately and define

Arity(P?) = Arige(P) =13 arity(P1) 5]
' J

as the arity index of a pattern 2, that consists of J
instances. With it Eq. 2 also states the arity of a randomly
chosen instance of the pattern 7,

We use this arity vector and its average across the traing
set as the basis. The pattern size that we choose is size 3,
hence size of vectoris 13

[

Fig. 2. Arity Vector
C. Comparison between PCAand Arity
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Fig. 3. Comparison between PCA and Arity

Based on a comparative experimental study with the
sample dataset we find that Arity gives better performance
when compared to PCA. It shall be intuitively argued that
the computational effort required for Arity is less when
compared to PCA.

IV. GREP CLASSIFIER

Aquadratic classifier is used in machine learning and
statistical classification to separate measurements of two
ormore classes of objects or events by a quadric surface.

Statistical classification considers a set of vectors of
observations x of an object or event, each of which has a
known type y. This set is referred to as the training set. The
problem is then to determine for a given new observation
vector, what the best class should be. For a quadratic
classifier, the correct solution is assumed to be quadraticin
the measurements, so y will be decided based on

X"AX +b" X +¢ [6]

In the special case where each observation consists of two
measurements, this means that the surfaces separating
the classes will be conic sections (i.e. either a ling, a circle
orellipse, a parabola or a hyperbola).

We use a slightly modified form of quadratic classifier by
applying a kernel trick and refer it as Grep classifier by
creating a longer measurement vector from the old one by
adding all pairwise product of individual measurements.
Forinstance, the vector
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[7]

[X)5X0, X550 Xp5]
would become

(8]

2 2 2 2
(X5 X5 X5, X 5 X, X, Xy X35 X5 5 Xy X5, X5 5enes X3 ]

V. MULTI-OBJECTIVE OPTIMIZATION

Multi-objective optimization (or programming), [18,
19] also known as multi-criteria or multi-attribute
optimization, is the process of simultaneously optimizing
two or more objectives subject to certain constraints.

19

We use a Multiobjective Optimization Evolutionary
Algorithm by [20, 21].

Here u1 refers to face, U2 refers to ear and p3 refers
to hand geometry and our objective is to maximize all
these y1, u2 and p3. The pareto front point represent the
recognition optimal basis combining all the 3 metrics. We
find that this produces very significant recognition rates
when compared to other methods discussed.

VI. MAG

The overall diagrammatic self-explanatory view of
MAG method is described below:
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VII. RESULTS

We applied the MAG method to around 100 home
made datasets and made lot of studies. The results are
shown in diagrammatic form as below:
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Fig. 5. Graph of unimodal recognition rates for face, ear
and hand geometry

The unimodal recognition rates were not that good as
shown in the above graph (although face recognition
scores individually better). We did a weighted sum
analysis of face/ear/hand geometry over the home made
datasets and analyzed the results which are tabulated in
the following figures.

Table 1. Combined face/ear normalized weighted
sum recognition rates using Euclidean distance

Weight(face/ear) DataSet
(1.0/0.0) 93.60%
(0.9/0.1) 95.40%
(0.8/0.2) 98.40%
(0.7/0.3) 91.60%
(0.6/0.4) 96.80%
(0.5/0.5) 94.80%
(0.4/0.6) 90.40%
(0.3/0.7) 91.90%
(0.2/0.8) 95.20%
(0.1/0.9) 85.50%
(0.0/1.0 78.50%
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Fig. 6. Recognition rates for different face/ear weights
using normalized sum

Table 2. Combined face/hand geometry normalized
weighted sum recognition rates using Euclidean

distance
Weight(face/hand) DataSet
(1.0/0.0) 78.20%
(0.9/0.1) 81.00%
(0.8/0.2) 73.80%
(0.7/0.3) 85.20%
(0.6/0.4) 76.40%
(0.5/0.5) 79.80%
(0.4/0.6) 80.50%
(0.3/0.7) 79.40%
(0.2/0.8) 74.20%
(0.1/0.9) 70.60%
(0.0/1.0 69.40%
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Fig. 7. Recognition rates for different face/hand
geometry weights using normalized sum

Table 3. Combined ear/hand geometry normalized
weighted sum recognition rates using Euclidean

distance
Weight(ear/hand) DataSet
(1.0/0.0) 65.30%
(0.9/0.1) 63.45%
(0.8/0.2) 66.50%
(0.7/0.3) 68.00%
(0.6/0.4) 71.50%
(0.5/0.5) 60.70%
(0.4/0.6) 67.60%
(0.3/0.7) 59.80%
(0.2/0.8) 58.50%
(0.1/0.9) 59.62%
(0.0/1.0 57.20%
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Fig. 8. Recognition rates for different ear/hand geometry
weights using normalized sum
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We finally used a multi objective genetic algorithm
approach to find the pareto optimal recognition of face/ear
and hand geometry, the results of which is as below:

, + Bac=059-083
T 5 + Rac=0.96-0.80
. + . + Bae=039-083
o Poar ova + Rac=0.84-0.60
Hmd o M
Goomety

Fig. 9. A 3D-Pareto front using multi objective genetic
algorithm

Vill. CONCLUSION

A new feature extraction metric (named Arity) has
been proposed. We proposed a new feature extraction
metric (Arity) and a modified classifier (Grep) as a part of
MAG method. We used Multi-objective genetic algorithm
for the combinatorial search space optimization of ear,
face and hand geometry. We showed that our proposed
MAG method improves the performance and robustness
of recognition when compared to methods proposed in
literature. The biometric importance of the suggested
approach relies on its capacity to quantitatively evaluate
the arity of each pixel group in the context of other pixels in
a given image: that is how a given pixel group can be
regulated by means of its reorganization, i.e., removing a
pixel group and restoring the pixel group.

Future Directions of this work include using game theory,
cooperative theories, for the multiobjective/mutimodal
part. Different environmental scenarios with variability of
environmental parameters like lighting, scale and facial
expression are also interesting studies that are planned in
near future.
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