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Abstract— In this paper, a powerful face recognition system
for authentication and identification tasks is presented and a new
facial feature extraction approach is proposed. A novel feature
extraction method based on combining the characteristics of the
Curvelet transform and Fractal dimension transform is proposed.
The proposed system consists of four stages. Firstly, a simple
preprocessing algorithm based on a sigmoid function is applied to
standardize the intensity dynamic range in the input image.
Secondly, a face detection stage based on the Viola-Jones
algorithm is used for detecting the face region in the input image.
After that, the feature extraction stage using a combination of the
Digital Curvelet via wrapping transform and a Fractal Dimension
transform is implemented. Finally, the K-Nearest Neighbor (K-
NN) and Correlation Coefficient (CC) Classifiers are used in the
recognition task. Lastly, the performance of the proposed
approach has been tested by carrying out a number of
experiments on three well-known datasets with high diversity in
the facial expressions: SDUMLA-HMT, Faces96 and UMIST
datasets. All the experiments conducted indicate the robustness
and the effectiveness of the proposed approach for both
authentication and identification tasks compared to other
established approaches.

Keywords— Face Recognition, Curvelet Transform, Fractal
Dimension, Fractional Brownian Motion, SDUMLA-HMT
database, Faces96 database, UMIST database.

. INTRODUCTION

In the last few decades, increasing the use of many
developed and sophisticated techniques of hacking and forgery
led to increased demand for alternative methods to authenticate
a person's identity [1]. Many different kinds of the biometric-
based pattern recognition systems were widely used. These
biometrics traits can be divided into two types, physiological
characteristics such as Face, Iris, Fingerprint, Hand Veins and
etc., or behavioral characteristics such as Signature, Speech,
Gait, Voice, and Keystroke recognition [2]. Personal authen-
tication based on the biometric features has many advantages
over the traditional methods like the passwords, ID cards and
PIN, because it is difficult to be transferred, lost, forgotten or
duplicated. In addition, employing the biometrics in the task of
authenticating a person's identity are more convenient and user
friendly than the traditional methods, so that the clients do not
need anything to remember or to carry with them [3]. Finally,

the security level achieved using the biometric systems is higher
than that using traditional methods. Face recognition is one of
the most popular biometric systems that have received a
significant attention in the research community due to its
accuracy and low cost. Face recognition has appeared to offer a
number of characteristics over other biometric systems. Face
recognition systems have the added advantage that the user can
be identified without knowing he is being monitored. In
addition, the biometric systems that depend on using the same
sensor device to acquire the biometric trait from multiple users
(e.g. Fingerprint recognition) can cause some health risks by
transferring germs and/or some infectious diseases from one
user to the other [4]. Moreover, face recognition has a wide
range of applications in many areas such as access control
systems, check points, ATM machines, security and
surveillance systems, and others daily human applications [5].
However, developing and designing a face recognition system
is one of the most challenging problems in the image
processing, computer vision and pattern recognition fields.
Therefore, many factors and problems must be taken into
account when developing any biometric system based on the
face image, due to the variations and changes in the face image,
such as illumination and facial expression changes, multi-views,
and other occlusions from wearing glasses and hats and the
presence of beards and mustaches, etc. [4][6].

Generally, a number of approaches have been proposed and
refined to overcome all these drawbacks and problems but very
few of them are capable of working under fully unconstrained
conditions. These approaches can be divided into three
categories: Feature-Based, Holistic and Hybrid approaches [7].
In this paper, a new feature extraction method based on
combining the characteristics of the Curvelet transform and
Fractal dimension technique is proposed. The proposed system
consists of four stages. Firstly, a simple preprocessing algorithm
based on a sigmoid function is applied to standardize the
intensity dynamic range in the input image. Secondly, a face
detection stage based on the Viola-Jones algorithm is used for
detecting the face region in the input image. After that, the
feature extraction stage using a combination of the Digital
Curvelet via wrapping transform and a Fractal Dimension
transform is implemented. Finally, the K-Nearest Neighbor (K-
NN) and Correlation Coefficient (CC) Classifiers are used in the
recognition task. In this paper, we will concentrate on the
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proposed feature extraction approach by explaining the
motivations behind using it and analyzing its strength. This
paper is organized as follows: some related works will be
discussed in Section II. Section III describes the proposed face
recognition system. The experimental results are presented in
Section V. Finally, conclusions and future research directions
stated in the last section.

II. RELATED WORKS

In the last years, face recognition has received considerably
more attention in the research community than other biometric
features due to its accuracy, low cost and ease of capturing face
image without the user's cooperation. Generally, a number of
algorithms were proposed and developed as an attempt to
overcome some or all the problems in face recognition.
However, very few of these techniques are capable of working
under fully unconstrained conditions. For instance, a number of
hybrid features extraction methods have been proposed by
Tzung J., [8]. These methods are mainly based on the Wavelet
transform, Linear Discriminant Analysis (LDA), and the
Nearest Feature Plane (NFP) and Nearest Feature Space (NFS).
The performance of the proposed approaches was evaluated on
two databases: IS face database and ORL database. In [9] J. Ye
and G. Tan have proposed a face recognition system based on
the Gabor filter respons, Digital Curvelet transform followed by
2D Principal Component Analysis (PCA), the performance of
the proposed system has been assessed on the ORL database
and the best obtained results was 95.5%. In addition, an
efficient face authentication system was proposed by L. Fang
and et al. [10] by decomposing the face image using Wavelet
transform to extract the low frequencies followed by 2D
Principal Components Analysis and Fisher linear substitution to
extract the components vector. Finally, the Support Vector
Machine (SVM) was adopted for the authentication purpose. In
[11] Huilin X. and et al presented a new facial feature extraction
algorithm named as 2D-Fisher Linear Discriminant (2D-FLD).
In this work, the performance of the proposed approach was
assessed on the ORL and UMIST face databases and the
conducted experiments proved its efficiency compared to other
methods such as PCA and the combination between the PCA
and the FLD. In [12] a new dimensionality reduction technique
for face recognition system named as Diagonal Locality
Preserving Projections (DiaLPP) was proposed. This technique
depends on finding the optimal projection vectors by using the
information in both the rows and columns of the face images.
The performance of the proposed technique was compared with
other existing methods such as Locality Preserving Projection
(LPP) and 2D-Locality Preserving Projection (2DLPP). In [13]
Asha R. Arnold and et al presented a face recognition system
based on a hybrid approach for capturing the shape and texture
information of the face image. This technique depends on the
gradient orientation histogram to extract the shape features, and
the Local Binary Pattern (LBP) to capture the texture
information. Finally, a combination of the hash table and binary
tree is adopted for the classification task.

III. THE PROPOSED METHODOLOGY

As shown in Fig.1, the proposed system starts with simple
preprocessing algorithm using sigmoid function to reduce the
illumination changes effect by expanding and compressing the
values of the dark and bright pixels in the face image,
respectively. This is followed by detecting the face region in the
face image using the Viola-Jones detector [14]. Viola-Jones
detector works on building a cascade of weak classifiers using
the AdaBoost learning algorithm to extract and detect the most
important facial features in the face image, such as nose, eyes,
and mouth, then use the to detect the face region in the input
image. More details about this detector can be found in [14]. In
the feature extraction stage, an efficient and robust feature
extraction approach is proposed based on integrating the
advantages of the Curvelet transform with the Fractal dimension
transform. Although, number of studies have demonstrated that
the Curvelet transform can serve as a good feature extraction or
a dimension reduction tool for pattern recognition problems like
fingerprint recognition and face recognition due to its ability to
represent crucial edges and curves features more efficient than
other transformation methods.

However, the Curvelet transform cannot overcome the
effects of large changes in illumination conditions, shadows,
multiple views of face images and occlusions from wearing
glasses or hats. As a result, the Curvelet transform will not be
able to describe the face texture roughness and fluctuations in
the surface efficiently, which have a significant effect on the
recognition rate. All these factors together were behind the
adoption of the fractal dimension transform here to provide a
better description of the face texture under different
environmental conditions. The fractal dimension has some
important properties such as a self-similarity, which means that
an object has a similar representation to the original under
different magnifications. This property can be used in reflecting
the roughness and fluctuation of image's surface where
increasing the scale of magnification provides more and more
details of the imaged surface. In addition, the non-integer value
of the fractal dimension give a quantitative measure of the
objects that have complex geometry and cannot be described by
an integral dimension (an example is the length of a coastline)
[15],[]16]. Many methods have been proposed to calculate
fractal dimension, such as Box-counting, Differential Box-
counting and Fractal Brownian Motion (FBM), and other
methods can be found here [17]. However, fractal estimation
methods are very time consuming and cannot meet real-time
requirements. Hence, to address all the above limitations and
drawbacks, a novel face recognition algorithm based on
merging the advantages of a new multidirectional and
anisotropy transform, specifically the Curvelet transform, with
fractal dimension is proposed. In this paper, the fractal
dimension is estimated using Fractional Brownian Motion
(FBM) and the proposed method named as a Curvelet
Transform-Fractional Brownian Motion (CT-FBM).
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Fig.1. The block diagram of the proposed face recognition system.

A. Curvelet Transform

The Curvelet transform was first introduced by Candes and
Donoho in 1999 to overcome the drawbacks and limitations of
widely used multiresolution methods such as the Wavelet
transform and Ridgelet transform. The multiscale transform
principle is a property common to Curvelet and Wavelet
transforms where each has multiple frames indexed by location
and scale parameters. However, the Curvelet transform unlike
the Wavelet transform, has a very high degree of directional
flexibility and the frame size is subject to the anisotropic scaling
principle [18]. These characteristics of the Curvelet transform
can lead to a good and a strong representation of the edges and
curves which are considered to be the most important facial
features. In this paper, the wrapping based Curvelet transform
described below is adopted, due to its advantages over other
Curvelet implementations such as Ridgelet and (USFFT) based
forms of Curvelet transform. In addition to its abilities to reduce
the dimensionality of the data and capture the most crucial
information in face images such as edges and curves, play a
significant role in increasing the recognition power of the
proposed system. Firstly, the Curvelet via wrapping transform
function is defined as:

C(i, l' k) = (f! (Pj,l,k) (1)

Where ¢ ) refer to the inner product between the Curvelet
function @;; ; and the Cartesian form of the input image f; and
J, 1 and k refer to the variables of scale, orientation, and position,
respectively [18]. Secondly, the Curvelet via wrapping can be

implemented by taking the input image as a Cartesian array f
[ny, ny] such that 0 <n< Ny, 0 Sny< N,, where NV, and N, are
the dimensions of the original image. Then a number of
Curvelet coefficients are generated and indexed by a scale j, an
orientation / and two spatial location parameters k =(kk,) as
output. The major steps implemented on a facial image to
obtain the Curvelet coefficients can be summarized as follows:

e Apply the 2D-Fast Fourier Transform (2D-FFT) on the
input image f [n;, ny] to obtain f [ny,n,], —n/2 <
nq,n, < n/2.

e The transformed image is divided into a collection of
Digital Corona Tiles (Wedges) and each wedge can be
reached by specifying the scale and angle parameters.
For each scale j and angle / the product between
f [ny,n,] ﬁj,l [nq,n,] is implemented, where ﬁj'l is the
discrete localizing function defined by a pair of radial
window W(r) and angular window V(?). These windows
are calculated as follows:

— . 33

Z w2(2ir) =1 re (Z’E) (2)
j=—o0

i Vie-1)=1 teGry @
[=—o00

e The wrapping procedure is applied to wrap this product
around the origin and obtain
fiilny,ny] =W(T;, f) [ny,n;] where the range for
n; andny isnow 0 <ny <L;jand 0 <n, <L,; L;;~2
jand Lj;~2j/2 are constants.

e The inverse 2D FFT is applied for each fj'l, and then the

Curvelet array is added to the collection of Curvelet
coefficients. See Fig.2. (a) and (b).

B. Fractal Brownian Motion

To the best of our knowledge, this is the first attempt to use
Fractal Brownian Motion (FBM) as a facial feature extraction
method. The FBM is a non-stationary model and is often used
in medical imaging [16],[19] due to its power to enhance the
statistical

original image and make the features more

distinguishable.
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Fig.2. (a) The original face image and (b) its Curvelet coefficients.



According to Mandelbrot [15], the FBM is statistically self-
affine, which means that the fractal dimension value of the
FBM is not affected by linear transformations and scalings.
Therefore, the (FBM) is invariant under any normally observed
transformations of the face images. For any (NxXV) size image
region, the FBM can be defined as the mean absolute difference
of pixel pairs on a surface at different scale ranges, which can
be represented as:

E(AI = kAr? 4

WhereE( ) is an expectation operator andAI = |I (x,,y,) —
I (x4,y1)| is the absolute intensity difference between pairs of
pixels separated by distanceAr = [ (x5, x1)% + (¥, ¥2)%]V2.
K is a scaling constant > 0 and H is called the Hurst
coefficient. Due to a discrete form of an image, the Ar value
between the all pixels is usually an integer value d from 1 to N-
1. Thus (4) can be expressed as follows:

1
— E Al,, = kd? (5)
Ny

Ar=d

Where N, is the total number of pixel pairs with a distance
of Ar=d. By taking the log function for both sides of (5), we
deduce the following form:

log (Ni,,, Z AIA,.) = H.log(d) + log (k) (6)

Ar=d

Now, a log-log graph is taking of both sides of (6), after
AFyin and Ar,,. are determined and least squares linear
regression is used to estimate the value of the slope, which
represents the value of H. Finally, the fractal dimension of the
image surface is estimated as follows:

FD=3-H (7)

In this paper, the face image of size (MxN) is transformed to
its Fractal dimension form by applying a kernel function fd(p,q)
of size (nxn) on the entire face image, as explained in Fig.3.
The kernel function operates by block processing on (7x7)
neighboring pixels of the face image and calculating the fractal
dimension value of each pixel as explained above. As a result
the fractal transformed face image is obtained. The size of the
kernel function was determined empirically, noting that
increasing its size can affect the accuracy of the calculated
Fractal dimension and the obtained image becomes less distinct,
while decreasing its size can result in insufficient number of the
surrounding pixels to accurately calculate the Fractal
dimension value. The kernel function is computed and applied
to the face image as defined in (8) and (9). This implementation
of the FBM has the ability to enhance the edge representation
and create an illumination invariant representation of the face
image without increasing the noise level.

ﬂ
fdp,q) =3 - (log (k)/ log(Ar)) ®

a b
FDImage (x,y) = Z Z fdp,Ix+p,y+q (9

p=-aq=-b

Where, a and b are nonnegative integer variables, which are
used to center the kernel function on each pixel in the face
image and are defined as: a@ and b = ceil ((n — 1) /2). Fig.4
shows the approximation of the Curvelet transform and its
fractal transformed image. After, the fractal transformed image
has been obtained it is reshaped into a feature vector of one
dimension. The size of the output feature vector for the
SDUMLA-HMT, Faces96 and UMIST databases is 2809, 2401
and 1681, respectively.

Read Face image
JOM<N)

[
v

Divide fTM =<V) into sub-images with size mxn, {B
(#,3)} is a sub-image of fIM=N), where (O<u<m,
O<v<n)

For each sub-image B (u,v), set Ar=1

Ar < max (m,n)

¢ Yes

i=0, j=0, Na=0, AI=0
No

i<m,j<n T

# Yes
‘ Counting n4, the number of all the pixels
} are in B with Ar distant from the pixel (7).

B

|

| Counting AZ;; the summation of intensity
| difference between all the pixels and the
| pixel (@j).

=

I Na =Nd + nd, AI = Al + Alij ‘
—‘ i=i+1, j=j+1 ‘

E
Ar = Ar +1 |4

Adding Ar and corresponding A7 to array
L, S, where [=log(Ar ), s=log(AI /Na)

¥

Using the least-sequares linear regression by fitting the
data in the vectors L and .S to obtain the H value. The fractal
dimension of this sub-image is estimated as: FD=3-H
T

- .
End )

Fig.3. The block diagram of the implementation of the FBM.
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Fig.4. The top (row) is Curvelet output image and the bottom (row) its fractal

transformed image.

IV. EXPERIMENTAL RESULTS

In order to investigate and demonstrate the effectiveness
and robustness of the proposed approach a number of
experiments were conducted on three databases consisting of a
wide range of facial images with high diversity in facial
expressions, poses, lighting conditions and accessories. The
first database is the SDUMLA-HMT face database. This
database consists of 106 subjects and each one has 84 face
images which have been taken from 7 viewing angles and
under different experimental conditions such as, facial
expressions, accessories, poses, and illuminations. The main
purpose of this database is to simulate the real world conditions
during face image acquisition. The image size is (640x480)
pixels and Fig.5 shows an example from the SDUMLA-HMT
face database. To the best of our knowledge, this is the first
work that uses all the users in this database for both
authentication and identification tasks. The second database is
the Faces96 database, which contains a total 3040 images of
152 individuals, both male and female and each individual has
20 frontal images with a complex background, large head scale
variation and face position translation. The size of every image
is (196x196) pixels. Fig.6 shows some examples from the
Faces96 database. The UMIST database is the third one, which
contains a total 564 images of 20 individuals with mixed race,
gender, and different appearance. As shown in Fig.7 each
individual has a set of images covering large pose variations,
from profile to frontal views with a size of (220x220) pixels
and 256-bit grayscale. In this database, the number of images
per person is not fixed; it changes from 24 to 36. In order to
ensure that each one has the same number of images in all
experiments 24 images from each individual were selected. In
this work, a number of experiments were conducted to evaluate
the performance of the proposed system in both authentication
and identification tasks and comparison was carried out with
existing approaches. The next two subsections are divided into
authentication and identification experiments, respectively.

A. The Authentication Experiments

In this experiment, the proposed system was tested as an
authentication system based on one of the most popular
protocols for evaluating the performance of person authen-
tication systems; it is the Lausanne protocol [20]. In this
protocol, the users in the database are divided into two sets:

clients and imposters. The performance of the verification
system is tested by calculating the FAR and FRR rates as
follow:

FA = Ex100 10
1

FR = E 100 (11)

Where EI is the number of impostors falsely accepted as
authorized users, I is the number of impostor trials, EC is the
number of the falsely rejected clients, and C is the number of
client trials. It is well known that reducing one of these errors
can increase the other one. Hence, a tradeoff is needed between
these two errors. The performance of the authentication system
can be assessed after the full experiment has been performed by
calculating the Equal Error Rate (EER) and Correct
Authentication Rate (CAR).

Fig.7. Eight Sample images of a person in the UMIST database.



In this paper, the proposed system was tested based on three
different thresholds corresponding to FAR=0, FRR=0, and
FAR=FRR. The similarity scores between the training set and
other sets were calculated using the CC classifier as follows:

Xm Zn(Amn_ Z)( Bmn— E)
JEnEnimn =) (Em EnBaun B)%)

Corr(A,B) = (12)

Where m and n are the dimensions of the sample, 4
and B are the mean values of the testing and training samples,
respectively. According to the Lausanne protocol, the subjects
in each database are divided into two groups of clients and
imposters users. The clients’ group is divided further into three
sets: training, evaluation and testing sets, while the imposter’s
group is divided into two sets: evaluation and testing sets. The
training set is used to construct clients' templates. The
evaluation set is chosen to produce the access scores of clients
and imposters users, which are used to establish a threshold that
specifies if a subject is accepted or rejected. Based on the
Lausanne protocol this threshold is assigned to meet certain
performance levels on both (clients and imposters) evaluation
sets. Finally, the same threshold will then be used on the testing
set to simulate real authentication tests [20]. In this experiment,
we found that the highest authentication rate was achieved
when the FAR was equal to FRR. Table I shows the division of
users for the entire database used, while the results obtained are
presented in Tables II. From this table, we can see that the
highest CAR was 99.32%, 96.86 % and 99.17% with EER of
0.68%, 3.14% and 0.83 %, for the SDUMLA-HMT, Faces96
and UMIST database, respectively. Hence, these results
obtained demonstrate the superiority of the proposed method
and the possibility of using it for the real-time face
authentication system with high accuracy.

TABLE L. THE DIVISION OF PERSONS ACCORDING TO THE LAUSANNE PROTOCOL
(CONFIGURATION II).

SDUMLA-HMT face database

60 Clients 46 Imposters
21 Images Client’s Training | 20 Imposters 26
Client’s Evaluation Imposters
2imases Evaluation Dataset Testing
42 Images Client’s Testing Dataset
Faces96 Database

100 Clients 52 Imposters
51 Client’s Training | 20 Imposters | 32 Imposters
mages Client Evaluation Testing
ient’s
Dataset Dataset
7L Evaluation
i Client’s Testing
UMSIT Database
10 Clients 10 Imposters
6 Images Client’s Training 4 Imposters 6 Imposters
6 Images Client’s Evaluation Testing
Evaluation Dataset Dataset
12 Images Client’s Testing

TABLE II. THE AUTHENTICATION RESULTS OBTAINED USING (CT-FBM).

The DB. Evaluation Set Testing Set
Name Thresholds FAR | FRR | EER | FAR | FRR | EER | CAR
= FAR=) 0 |67.06 | 33.54 0 | 47.26 | 23.64 | 76.36
g E FRR=0 | 6644 | 0 | 3323 | 6457 0 | 3228 | 67.72
a :'j FAR=FRR | 090 | 1.03 | 097 | 133 | 0.04 | 0.68 | 9932
FAR=D 0 |1757| 878 0 165 | 825 | 9175
4614 | 0 | 23.07 | 59.66 | 013 | 29.89 | 70.11
FAR=FRR | 031 | 143 | 086 | 516 | 113 | 3.14 | 9686
FAR=D 0 |2833| 1417 0 | 1417 | 7.08 | 9292
969 | 0 484 | 479 0 24 | 976

FAR=FRR| 44 | 3 3.95 0 167 | 0.83 | 99.17

Faces26
%

UNMIST
.

tn

B. The Identification Experiments

The main aim of these experiments was evaluating and
testing the reliability and efficiency of the proposed system in
the identification task by comparing the query image with all
the previously stored templates in the database system. Each
time a different number of training and testing images were
used. In this work, the proposed system was evaluated on the
SDUMLA-HMT face database by dividing the person’s images
(84 images) into two sets, named Database_1 and Database 2,
containing all the odd and even numbered images, respectively.
Therefore, each dataset contains 42 images for each person and
4452 images in total. Then images selected for the testing and
training phases to number in the ratio 14:28, were chosen
randomly for each person. The main purpose of this experiment
was to show that the proposed system can give the same level of
the recognition rate as shown in Table III. While, the Table IV
and V show the results obtained from Faces96 and USIMT
database, respectively. In this experiment the K-NN classifier
was used in the classification task. The K-NN classification
method is a supervised machine learning method, which was
proposed by Cover and Hart [21]. The performance of the K-
NN mainly depends on determining the value of the k parameter
that represents the closest reference samples in the feature
space. In this paper, K=4 for both used databases. The results
obtained demonstrate that the performance of the proposed
system can be slightly affected by decreasing the number of
training images.

TABLE III. THE IDENTIFICATION SYSTEM RESULTS OBTAINED USING THE
SDUMLA-HMT DATABASE.

The DB. Name Recognition Rate%
Database_1 90.09
DataBase 2 90.16

TABLE IV. THE COMPARISON RECOGNITION RATE ON FACES96 DATABASE.



Training Images | Testing Images Recognition
No. No. Rate%

10 10 100

7 13 98.47

5 15 97.31

4 16 96.39

3 17 95.56
The Average RR. 97.55

TABLE V. THE COMPARISON RECOGNITION RATE ON USIMT DATABASE.

Training Images | Testing Images Recognition
No. No. Rate%
12 12 99.58
8 16 99.38
6 18 98.06
5 19 98.44
4 20 97
The Average RR. 98.492

The second aim was comparing the performance of the
proposed system by taking the average recognition rate with
other existing approaches. The comparative results of the
proposed system and other systems using the Faces96 and
UMIST databases are shown in tables (6) and (7), respectively.
The recognition time was measured by implementing the
proposed system on a personal computer with the Windows 8.1
operating system, a 1.80 GHz Core i5-3337U CPU and 6 GB of
RAM. The system code was written to run in MATLAB
R2013a. The recognition time per image was 2.24, 1.6 and 1.77
seconds, for SDUMLA-HMT, Faces96 and UMIST database,
respectively. As shown in this comparative study, the results
obtained demonstrated the superiority of the proposed approach
on many existing approaches like, Local Binary Pattern, Scale
Invariant Feature Transform and Eigenface using PCA, LDA
and etc.

TABLE VI. COMPARISON OF RECOGNITION RATES OBTAINED FOR THE FACES96

DATABASE.

Recognition Algorithms Recognition Rate %
PCA+DCT [22] 94.00
PCA + SVM [23] 94.00
Gabor Transform [24] 92.35
Local Binary Pattern [24] 82.94
}:B;;;:le\s/[] + RBF kernel 88.24
The Proposed Method (CT- 97.55
FBM-+KNN)

V. CONCLUSIONS ANA FUTURE WORK

In this work, an efficient and powerful facial feature
extraction approach combining the characteristics of multi-
directional transform like the Curvelet transform with fractal
dimension transform is proposed. The Curvelet transform is
selected as a fast and powerful technique for representing edges
and curves and reducing the dimensionality of the face image,
to increase the speed of the fractal dimension estimation
algorithm. After that, the fractal dimension is estimated from
the Curvelet's output using FBM approach. FBM is invariant to
common transformations in the face image due to its self-affine
property. Moreover, it has the ability to enhance the edge
representation and create an illumination invariant represent-
tation of the face image without increasing the noise level. The
robustness and the effectiveness of the proposed approach were
proved experimentally by investigating and testing its
performance using three standard face databases: SDUMLA-
HMT, Face96 and UMIST. As explained above, these datasets
contain face images with high diversity in facial expressions,
lighting conditions, poses and etc. In addition, the results
obtained demonstrated the superiority of the proposed approach
when compared to the other existing approaches like, Local
Binary Pattern, Eigenface using PCA, LDA and etc. The future
work will focus on reducing the dimensionality of the feature
vector in order to improve the recognition time using another
approach for calculating the fractal dimension. In addition, this
work will be extended by implementing more advanced
classification algorithms based on deep learning concepts.

TABLE VIII. COMPARISON OF RECOGNITION RATES OBTAINED FOR THE UMSIT

DATABASE.
e . Recognition
Recognition Algorithms Rate %
Regularized-LDA+Probabilistic 975
Reasoning Model (PRM) [23] )
PCA + RBF Neural Networks [26] 94.10
Scale Invariant Feature Transform 95.95
(SIFT) [27] :
2D-Fisher Linear Discriminant + 97
Euclidean Distance [11]
Diagonal Locality Preserving Projection 95.5
(DiaLPP) [12] :
Pyramid Histogram of Oriented 93.66
Gradients + SVM [28] :
Spectral Feature Analysis (SFA) [29] 92.19
The Proposed Method (CT-FBM+KNN) 98.492




(1]

[2]

[3]

[4]
[5]

(6]

[7]

[8]

[9]

REFERENCES

H. Imtiaz and S. A. Fattah, “A Curvelet Domain Face Recognition
Scheme Based on local Dominant Feature Extraction,” ISRN Signal
Process., vol. 2012, pp. 1-13, 2012.

L. Nanni and A. Lumini, “Random subspace for an improved BioHashing
for face authentication,” Pattern Recognit. Lett., vol. 29, no. 3, pp. 295-
300, Feb. 2008.

M. S. Mahanta, " Linear Feature Extraction with Emphasis on Face
Recognition," Master thesis, Department of Electrical and Computer
Engineering, University of Toronto, Toronto, 2009.

R. Jafri and H. R. Arabnia, “A Survey of Face Recognition Techniques,”
J. Inf. Process. Syst., vol. 5, no. 2, pp. 41-68, Jun. 2009.

D. Bhattacharjee, D. K. Basu, M. Nasipuri, and M. Kundu, “Human face
recognition using fuzzy multilayer perceptron,” Soft Comput., vol. 14,
no. 6, pp. 559-570, Mar. 2009.

A. Nigam, “A Novel Face Recognition Approach using Normalized
Unmatched Points Measure,” Master thesis, Department of Computer
Science and Engineering, Indian Institute of Technology Kanpur, May,
20009.

R. Patel and S. B. Yagnik, “A Literature Survey on Face Recognition
Techniques,” International Journal of Computer Trends and Technology
(IICTT), vol. 5, no. 4, pp. 189-194, 2013.

Tzung J., “Discriminant Waveletfaces and Nearest Feature Classifiers for
Face Recognition”, IEEE Trans. on Pattern Analysis And Machine
Intelligence, Vol. 24, No. 12, Dec., 2002.

Y.-C. Lee and C.-H. Chen, “Face Recognition Based on Digital Curvelet
Transform,” 2008 Eighth Int. Conf. Intell. Syst. Des. Appl., pp. 341-345,
Nov. 2008.

[10] F. Luan, L. Lin, and Y. Wang, “4-Step Face Authentication Algorithm

[11]

[12]

[13]

[14]

[15]

[16]

Based on SVM,” 2010 Third Int. Symp. Intell. Inf. Technol. Secure.
Informatics, vol. 1, no. 2, pp. 534-538, Apr. 2010.

H. Xiong, M. N. S. Swamy, and M. O. Ahmad, “Two-dimensional FLD
for face recognition,” Pattern Recognit., vol. 38, no. 7, pp. 1121-1124,
2005.

Veerabhadrappa and L. Rangarajan, “Diagonal Locality Preserving
Projection as Dimensionality Reduction Technique with Application to
Face Recognition,” Image (Rochester, N.Y.), pp. 135-140, 2010.

A. R. Nair, B. C. Pillai, and E. George “Multi Feature Face Identification
Using Hash Table & Binary Tree Classifier,” International Journal of
Advance Research in Computer Science and Management Studies, pp.
261-272,2014.

P. Viola, O. M. Way, and M. J. Jones, “Robust Real-Time Face
Detection,” International Journal of Computer Vision, vol. 57, no. 2, pp.
137-154, 2004.

B. Mandelbrot, "The Fractal Geometry of Nature", 3rd Edition, W. H.
Freeman, San Francisco, 1983.

Mandelbrot, B., "Self-affinity and fractal dimension," Physica Scripta,

pp. 257-260, 1985.

[17] R. Lopes and N. Betrouni, “Fractal and multifractal analysis: a review.,”

[18]

[19]

[20]

Med. Image Anal., vol. 13, no. 4, pp. 634-49, Aug. 2009.

E. Cand, L. Demanet, D. Donoho and L. Ying, “Fast Discrete Curvelet
Transforms,” Department of Statistics, Stanford University, Stanford, vol.
40698, pp. 1-44, 2006.

D.-R. Chen, R.-F. Chang, C.-J. Chen, M.-F. Ho, S.-J. Kuo, S.-T. Chen,
S.-J. Hung, and W. K. Moon, “Classification of breast ultrasound images
using fractal feature.,” Clin. Imaging, vol. 29, no. 4, pp. 23545, 2005.

K. Messer, J. Matas, J.Killter, J.Luettin, and G. Maitre, "XM2VTSDB:
The Extended M2VTS Database," Proc. in 2sd Audio and Vedio-based
Biometric Personal Authentication, Washington D.C., 1999.

(21]

[22]

(23]

(24]

[25]

[26]

[27]

(28]

[29]

T. M. Cover, and P. E. Hart, “Nearest Neighbor Pattern Classification,”
IEEE Trans., vol. iT13, No. 1, 1967.

R. P. Sunil, “Automatic Face Recognition using Principal Component
Analysis with DCT,” Journal of Electronicsl and Communication
Engineering, pp. 1-7, 2010.

S. Fernandes and G. Bala, “Performance analysis of Linear appearance
based algorithms for Face Recognition,” International Journal of
Computer Trends and Technology, vol. 3, pp. 258-267, 2012.

F. Ahmad, A. Najam, and Z. Ahmed, “Image-based Face Detection and
Recognition :"State of the Art ",”” Int. J. Comput. Sci. Issues, pp. 3-6,
2012.

A. Bouzalmat, J. Kharroubi, and A. Zarghili, “Face Recognition Using
SVM Based on LDA,” International Journal of Computer Science Issues,
vol. 10, no. 4, pp. 171-179, 2013.

S. Thakur, J. K. Sing, D. K. Basu, M. Nasipuri, and M. Kundu, “Face
Recognition using Principal Component Analysis and RBF Neural
Networ,” IISSST, vol. 10, no. 5, pp. 7-15.

A. Rattani, D. R. Kisku, A. Lagorio, and M. Tistarelli, “Facial template
synthesis based on SIFT features,” 2007 IEEE Work. Autom. Identif.
Adv. Technol. - Proc., pp. 6973, 2007.

H. Huang, H. Liu, G. Liu, “Face Recognition Using Pyramid Histogram
of Oriented Gradients and SVM,” Int. J. Adv. Inf. Sci. Serv. Sci., vol. 4,
no. 18, pp. 1-8, 2012.

F. Wang, J. Wang, C. Zhang, and J. Kwok, “Face recognition using
spectral features,” Pattern Recognit., vol. 40, no. 10, pp. 2786-2797,
2007.



