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Abstract This paper presents an algorithm for feature selection based on particle
swarm optimization (PSO) for thermal face recognition. The total algorithm goes
through many steps. In the very first step, thermal human face image is prepro-
cessed and cropping of the facial region from the entire image is done. In the next
step, scale invariant feature transform (SIFT) is used to extract the features from
the cropped face region. The features obtained by SIFT are invariant to object
rotation and scale. But some irrelevant and noisy features could be produced with
the actual features. Unwanted features have to be removed. In other words, opti-
mum features have to be selected for better recognition accuracy. Since PSO is an
optimization method, which works with the principle of local as well as global
searches for finding optimum set of features. Here, this process has been imple-
mented to select a subset of features that effectively represents original feature
extracted for better classification convergence. Finally, minimum distance classi-
fier is used to find the class label of each testing images. Minimum distance
classifier acts as an objective function for PSO. In this work, all the experiments
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have been performed on UGC-JU thermal face database. The maximum success
rate of 98.61 % recognition has been achieved using SIFT and PSO for frontal face
images and 90.28 % for all images.

Keywords Face recognition - Infrared face images - Scale invariant feature
transform - Particle swarm optimization

1 Introduction

Among all biometric identification systems, face recognition is one of the most
suitable methods due to its non-intrusive nature. Face recognition has appeared as
one of the most exciting research problem due to its numerous practical applica-
tions. It is extensively used in the authentication, surveillance, security, and human
computer interaction purpose. But the existing face recognition systems have
several limitations. The performance of face recognition is outstanding in case of
controlled conditions. The performances degrade significantly in an uncontrolled
environment. The main reason is that the most of the existing face recognition
methods are based on visual images. The quality of the visual images changes with
lighting condition, as a result, the performances degrade. That means the perfor-
mance of the face recognition system, based on visual images, captured in daylight
situation is not same with the performance based on nightlight vision. This
problem is known as illumination problem. This problem can be solved by the uses
of thermal face images instated of visual images. A thermal face image is captured
by the thermal infrared camera, and a thermal infrared camera is illumination
independent. It can capture nearly same images in all the environments even in a
dark situation because a thermal infrared camera concentrates on emitted energy
from the object surface. It does not consider the environment temperature. Another
significant advantage of face recognition based on thermal face images is that the
tasks of face detection, location, and segmentation are relatively easier and more
reliable than their visual counterpart [1].

Some general face recognition methods include eigenfaces [2, 3] and Fisher’s
discriminant analysis [4], which are sensitive to illumination and different facial
expressions. These methods are also used for dimensionality reduction, when the
dimensionality is curse for some applications. Sometimes, LDA gives a better
result than eigenfaces, but it does not give the robust solution as their separable
criterion is not relevant to classification precision [12]. Wavelet transform [5] is
very good tool to analyze texture pattern in time and frequency domain, and these
techniques work well for frontal faces only. But they are not robust against rotation
variations because the whole-face-based process is highly sensitive toward
translations and rotations. Another limitation of these approaches is that the size of
the feature vector is too large to recognize. So these methods are computationally
expensive.
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Generally, a face image is represented by large number of features using many
feature extraction methods. Some of the features have more discriminating power
than the others. In other words, all features do not contribute equally to the face
recognition process. It is not always true that the higher number of features lead to
higher recognition rate. So optimum feature selection is a big issue in pattern
recognition domain. Optimum feature selection has many advantages. It reduces
the feature size and increases the recognition rate. Feature selection process first
identifies the irrelevant features, discards them, and takes others which are treated
as optimum features. Thus, feature selection is basically a search process. There
are different search algorithms such as greedy [13], branch and bound [14],
sequential search algorithms [15], mutual information [16], and tabu search [17]
which have been used successfully. But these algorithms are quite computationally
expensive. There are other kinds of population-based search algorithms in the
literature, which is less expensive in times. Such algorithms are Genetic Algorithm
(GA)-based method [18, 19, 20], and ant colony optimization (ACO)-based
techniques have attracted a lot of attention [21] to the researchers.

In this paper, we propose an efficient scheme for scale and rotation invariant
thermal face recognition using scale invariant feature transform (SIFT). The main
contributions of this work are as follows:

e A complete scale and rotation invariant thermal face recognition system based
on SIFT features are implemented.

e PSO-based feature selection algorithm is developed to search for the optimal
features and to increase the recognition rate, as well.

e Evaluation of the proposed system using the UGC-JU thermal face database
and comparing its performance with other FR techniques.

The outline of this paper is organized as follows: Sect. 2 describes the different
steps of proposed approach including image preprocessing, features extraction,
selection of features, and classification. The experiment and results are presented
in Sect. 3. Finally, Sect. 4 concludes and remarks about some of the aspects
analyzed in this paper.

2 Proposed Method

In this section, we have introduced a robust method for face recognition using
thermal face images. The overall system includes image preprocessing, extraction
of features, feature selection, and classification. All of these elements are explained
in the following sections.
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2.1 Preprocessing

Preprocessing is the first step of the proposed system. In this step, an intermediate
image is produced from the ‘just captured raw’ image. A typical 24-bit color
thermal face image is shown in Fig. 1. Here, each 24-bit color images have been
converted into its corresponding grayscale images. Then, those converted gray-
scale images are again converted into binary images counterparts. After conver-
sion of the binary image, it has been found that some white segments are present
with a larger one in the binary image and this biggest part is the face area. So the
largest part has been extracted from the binary image using connected component
labeling algorithm [6], and other small components, which are other parts of the
binary image, have been excluded. It has also been seen that some holes are
created in the face area due to uneven distribution of thermal information which is
nothing but temperature statistics. These temperature statistics has been excluded
in the binarization process, which will make the face recognition process tougher.

Fig. 1 The various outcomes of the preprocessing step. a A thermal face image. b Grayscale
image. ¢ Binary image. d Largest component as a face skin area. e Extracted face skin area in
gray level. f Restored image
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Principal component analysis (PCA) is reported to be robust for the problem of
contaminated pixels [7]. But it cannot restore the lost information. So GPCA [8, 9]
method is used to store the missing temperature statistic information. The out-
comes of the preprocessing step are shown in Fig. 1.

2.2 Extraction of Features

The performance of any face recognition system highly depends on the selected
features. So a good feature extraction algorithm is very necessary for face rec-
ognition which helps to identify probably the best discriminating power and which
are less sensitive to variations in pose, scale, and illumination, and facial
expressions etc. SIFT [10] is one such algorithm. SIFT is used for extraction of
distinctive invariant features from the objects, which can be used to carry out the
matching process. The features obtained by SIFT are invariant to object rotation
and scale. It reduces the probability of reduced extraction due to occlusion and
noise. First Gaussian function, G(x, y, o), is used to convolve with an input image
I(x, y) in order to get a scale-space image, L(x, y, ) image. The Gaussian function
and scale-space image are found by the Eq. (1) and (2), respectively.

G(x,y,0) = 27:(72 e(‘i:ﬁvz) (1)
L(x,y,a):G(x,y,a)*I(x,y) (2>

where “*’ is the convolution operation in the x and y directions. So the initial
image is incrementally convolved with Gaussians to produce images separated by
a constant factor k in scale-space. Here, each scale-space is divided into ‘s’ equal
intervals, where ‘s’ is a natural number and hence k = 2175, Then, difference-of-
Gaussian function convolved with the image, D(x, y, o), that can be computed
from the difference of two nearby scales separated by a constant multiplicative
factor k is calculated for the detection of efficient, stable landmarks. The differ-
ence-of-Gaussian function is shown in Eq. (3).

D(x,y7a) = L(xvyaka) —L(x,y, 6) = (G(x,cha) - G(x,y,a)) *I(x,y) (3)

Now, local maxima and local minima have been found from the image, D(x, y,
o). First, a sample point from the current image has been chosen and compared to
its eight neighbors in the current image and nine neighbors in the scale image
above and below. It is chosen as a landmark only if it is larger (local maxima) than
all of these neighbors or smaller (local minima) than all of them.
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2.3 Feature Selection

After extraction of features, it has found that, within the extracted features, there
are some features, which are irrelevant and noisy. These irrelevant and noisy
features lead the misclassification rate. So the objective of feature selection step is
to reduce the noisy data and exclude the irrelevant features as much as possible. In
other word, find the optimal features from the original features including noisy and
irrelevant features, which have higher discriminating power, to improve the rec-
ognition rate. Particle swarm optimization (PSO) is one such well-known tool to
find the optimum characteristics with the help of local as well as global search in
the feature search space in an iterative way. PSO proposed by Dr. Eberhart and
Dr. Kennedy in 1995 [11]. In PSO, swarm consists of a group of random particles,
which move around the solution space of the problem by updating through iter-
ations for an optimum solution and go until convergence is achieved. A flowchart
of the PSO-based system is given below:

Flowchart 1. PSO based feature selection

Initialized the population of n particles with
random positions X; and velocities V;

| P
*‘

For each particle (local search):

a.  Evaluate fitness function f(X;)

b.  If new personal best set pbest; = X;
For the whole population (global search):
a.  Identify global best gbest

Positions and velocities update:
Vi(t+ 1) = w X V;(t) + ¢; X ud X [pbest;(t) — X;(t)] + ¢, X ud
x [gbest(t) — X; (D]

y

Convergence?

* Result

In this work, ‘n” number of random particles is chosen initially from the fea-
tures space. Each particle having ¢ parameters that are obtained, after feature
extraction using SIFT operator, and their corresponding random velocities form a
position matrix X[n, c]. Now, the threshold should be selected for the first round of
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selection of these random velocities and its corresponding positions by the fol-
lowing functions Vi, j] = e(X[i, j]) where 1 <i<mand 1 <j<c and it is assumed
to be 0.5 for this work. The velocity of the ith particle is described by the
Vi = (vi1,vi2, .-, vic), and its corresponding state is represented by
X; = (xi1, X2, - - -, Xic). If the newly computed velocity is greater than the threshold
value (0.5), then this velocity and its location is selected for the next iteration. It is
expected that, after each iteration, the recognition rate of the face recognition
system increases with the newly selected features from the features space. So the
success rate is calculated by an objective function known as the fitness function in
PSO. The minimum distance function [5] is used here as a fitness function for this
work. Here, minimum distance classifier concentrates both local and as well as
global information of the features obtained from SIFT operator. The fitness
function is evaluated for each particle in the swarm and is compared to the fitness
of the best previous (pbest) result for that particle and to the fitness of the best
particle (gbest) among all particles in the swarm. After finding the two best values
(pbest and gbest), the particles start updating their velocities and positions
according to the Egs. (4) and (5), respectively.

Vi(t+1) =w x Vi(t) + ¢; x ud x [pbest,(t) — X;(1)] + ¢z x ud

x [gbest(f) — X;(¢)] 4)
Xi(t+1)=X;(t) + Vi(t + 1) (5)
where ‘i’ = 1, ..., n and ‘n’ is the population size, ‘ud’ is another random number

between 0 and 1, ‘c;’ and ‘c,’ are cognitive and social parameters, respectively,
bounded between 0 and 1. In the velocity update equation, the + sign divides the
whole equation into three components named as inertial component, a cognitive
component, and social component, respectively. The inertia weight w is a factor
used to control the balance of the search algorithm between exploration (=0.15)
and exploitation (=1); the second element is the ‘cognitive’ section representing
the local knowledge of the particle itself; the third component is the ‘social’ part,
representing the cooperation among the particles. The iterative steps will go on
until the process reaches the termination condition. It is experimentally found that
thirty iterations are well enough to identify the optimum features from the features
space, which leads the success rate to a great extent.

3 Experiment and Results

The performance of the proposed system is evaluated on newly created UGC-JU
thermal face database [9]. UGC-JU thermal face database consists of 84 subjects
each is having 39 different face images with Expl (happy), Exp2 (angry), Exp3
(sad), Exp4 (disgusted), Exp5 (neutral), Exp6 (fearful), and Exp7 (surprised) are
considered. Different pose changes about x-axis, y-axis, and z-axis are also
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Fig. 2 The different values of ‘pbest’ and ‘gbest’ with different parameters of PSO for frontal
faces

considered. Resolution of each image is 320 x 240, and the images are saved in
JPEG format. First, all are processed and restored missing information using GPCA
scale to 256 x 256 resolution for further processing. Then, SIFT is used to extract
some points. After extraction of some points, total image is divided into several
blocks of size 16 x 16 and find the number of points in each block and store them
in a row vector. Hence, one row corresponds to one image and column corresponds
to feature. So total number of features of a particular face or a row is (256 x 256)/
(16 x 16) = 256. But the 256 extracted features contain some noisy and irrelevant
features. As a result, the performance of the system degrades. So selection of
features which are relevant, free from noise, and redundancy is essential to improve
the performance of the thermal face recognition system. PSO is used to find the
optimal features. Ten optimum features are taken from 256 features of a face image
using PSO so that they have enough discriminating power. Within this feature
selection step, minimum distance classifier is used as a fitness function which
identifies the class label of the testing images in successive iterations. Total four
sets of experiments have been performed. First set of experiments has been per-
formed on frontal thermal face images which includes various facial expressions. In
this experiment, features coming from SIFT operator are considered and PSO is not
used. In the second set of experiments, all thermal face images including pose
changes about x-axis, y-axis, and z-axis, and occlusion with the frontal thermal face
images are considered, and the features selection tool is not used. So, in the above
two cases, the size of the features of each face image is 256. In the third set of
experiment, SIFT and PSO are used for feature extraction and feature selection,
respectively, on the frontal thermal face images only. Different parameters for PSO
like number of population ‘n,” ¢y, ¢, are varied, and the obtained results are shown
in Fig. 2. The x-axis of this figure is represented by ‘pbest’ in each iteration, ‘gbest’
and the y-axis demonstrated the percentage of recognition rate in each iteration.
Finally, SIFT and PSO are used on all thermal face images. In all these cases, total
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n=10,c1=c2=0.50,th=0.5,wmin=
0.15,wmax=1
n=10,c1=c2=0.75,th=0.5,wmin=
0.15,wmax=1

n=15,c1=c2=0.75,th=0.5,wmin=
0.15,wmax=1
n=20,c1=c2=0.75,th=0.5,wmin=
0.15,wmax=1

Fig. 3 The different values of ‘pbest’ and ‘gbest’ with different parameters of PSO for all faces

Table 1 The recognition rate in percentage

Method Frontal thermal face images All thermal face images
SIFT only 94 .44 86.84

SIFT + PSO 98.61 (gbest) 90.28 (gbest)

Culter [2] 72.22 70.83

images are divided into two sets. First set is used for training, and other is used for
testing purpose. Thus, from the Figs. 2 and 3, it is clear that the ‘gbest’ means
global best recognition is 98.61 and 90.28 % when the value of ‘n’ is 10, ¢y and ¢,
are .75 for frontal faces and all face images, respectively.

3.1 Comparison with Other Methods

The obtained recognition rate by the present method has been compared with one
pioneer work on recognition of infrared face images by Culter [2]. The work has
been implemented on UGC-JU thermal face images. The obtained results are
shown in Table 1. All the results support the conclusion that the face recognition
performances by the present method give better results in frontal images as well as
all the images.

4 Conclusions

This paper presents a scale, translation, and rotation invariant thermal face rec-
ognition system using SIFT for face recognition systems. In this system, a PSO-
based feature selection algorithm is efficiently utilized to search the optimum
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features which are not noisy and also not irrelevant. Experimental results based on
the UGC-JU thermal face database which consists different facial expressions pose
changes about 3 axes, occlusion. Four sets of experiments have been performed.
Total number of images is divided into two parts of equal size. First part is used for
training, and the other is used for testing. The maximum success of 98.61 %
recognition has been achieved using SIFT and PSO for frontal face images and
90.28 % for all images, when the value of ‘n’ is 10, ¢, and ¢, are 0.75.
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