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Abstract

In this paper, an enhanced thermal face recognition method, namely GMFB, is proposed.
Initially, Gabor Jet Descriptor (GJD) is extracted from each thermal image with five scales
and eight orientations. Then, the Modified Fisher (MF) criterion is implemented on the
feature vector for every scale. Finally, the Borda count (BC) matching method is used to get
higher matching score. Our proposed method enhances the discrimination ability of the
feature vector significantly. Experiments conducted on NVIE thermal face database show that
the proposed approach outperforms the state-of-the-art methods.

Keywords: Thermal face recognition; Gabor Jet Descriptor; Modified Fisher; Borda
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1. Introduction

Many biometric patterns have been used for identity verification nowadays, such as face,
fingerprint, iris, vein, palm-print and so on [1]. Although perhaps the most natural way for
personal identification, the visible spectrum faces recognition is still a highly challenging
task. It has suffered from different variations such as dim lighting, non-uniform illumination,
viewing directions, poses and ethnic groups [2]. Furthermore, it is still possible for the
attackers to get the biometric template and reconstruct the pattern to spoof different
verification application systems, even though the template protection technique is applied [3,
4].

However, recent years has witnessed the growing interest for verification using different
biometric modalities, particularly thermal Infra-Red (IR) face image [5, 6]. Thermal IR sensor
measures the heat energy, which belongs to long-wave IR (8-12um) spectrum band emitted. It
is not reflected, but obtained from the objects themselves and is unique to each individual [7].
This thermal technique is less subject to scattering and absorption by smoke or dust than
visible light, and even works well in complete darkness. It can minimize the effect of
illumination changes and occlusion generated by moustache, beards, facial hair, hairstyle etc.
More importantly, the thermal image is immune to fake samples due to that the heat energy
can only be captured from a live individual [8, 9].

Most of the developed methods for thermal face recognition are based on the appearance.
For instance, Principal Component Analysis (PCA) [10], Linear Discriminant Analysis
(LDA) [10], Kernel Principal Component Analysis (KPCA) [11], Scale Invariant Features
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Transform (SIFT) [12], Local Binary Pattern (LBP) [13], Speed Up Robust Features (SURF)
[5], etc. Dimension reduction based algorithms (PCA, KPCA, LDA) transform the image into
a 1D vector to get a projective vector in a high dimensional image space, and it is difficult to
evaluate the covariance matrix accurately because of small sample size problems [15]. As a
global matching method, SIFT extracts local interest points independently as the local
descriptors, while SURF algorithm computes local interest points and descriptors at a higher
speed and a lower number of components than SIFT. Another local matching method, LBP
considers the local gradient histogram for efficient texture information representation and
concatenates the regional features to get the global description of the thermal face. However,
thermal images have less interest points and less gradient due to temperature map, so it is
hard to achieve an excellent recognition performance using local and global matching
approaches.

Previous studies demonstrate that Gabor Jet Descriptor (GJD)-based methods are
extremely useful for visible face recognition in terms of some interference factors. Lades et
al., [16] pioneered the implementation of Gabor wavelets for face recognition via the
Dynamic Link Architecture (DLA) framework. Wiskott et al., [17] further expand DLA and
develop Gabor wavelet based elastic bunch graph matching approach to label and recognize
human faces. These methods are developed initially for visible face recognition, and the
drawback is that the face key parts need to be marked manually. Liu and Wechsler [18]
concatenate the 40 Gabor wavelet representations (Gabor filters of five scales and eight
orientations are used) of one sample image as a feature vector. To avoid the high dimension
space problem, the down-sampling operation using Linear Discrimination Analysis (LDA)
and Principle Component Analysis (PCA) are implemented. Zou et al., [19] divide the
concatenated feature into 5 parts according to the scale and regards each part as a GJD, and
then uses BC matching method to acquire a higher matching score. Hermosilla et al., [14]
applies this approach into thermal face recognition. It is noted that the study in [19] obtains
the lower dimension feature vector and achieves a better performance. However, this GJD-BC
method hasn’t considered the discrimination of every scale representation with eight
orientations. During the research, we find out that the features in the same scale have the
same property of discrimination.

In this paper, we propose a new approach for thermal face recognition, namely GMFB,
based on Gabor Jet Descriptor, Modified Fisher and Borda Count matching method. The
proposed approach adopts Gabor Jet Descriptor to extract the Gabor feature representations in
5 scales and 8 orientations. Then, the Modified Fisher criterion [20] is introduced in order to
reduce the dimension of features belonging to the same scale. Finally, the Borda Count
matching method is used to get a higher matching score using these 5 sacles matching results.
The experimental results show that the proposed method effectively enhances the
discrimination ability of the feature vector.

The rest of this paper is organized as follows. In Section 2, the proposed algorithm is
described in detail. Section 3 is devoted to the experimental results and analysis. Finally,
Section 4 concludes this paper.

2. Proposed GMFB Recognition approach for Thermal face Image

This section describes our implementation of the proposed thermal face recognition
approach, namely GMFB. Figure 1 shows its schematic diagram. In enrollment phase,
thermal face images are preprocessed firstly, and it contains face calibrating and localization.
Secondly, Gabor wavelets with five scales and eight directions are used to extract the thermal
face texture features. These Gabor representations are divided into 5 GJDs based on their
scales, and every GJD has the features with eight orientations. Then, for every GJD, we train
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the enrollment samples to get the projective vector by Modified Fisher Discrimination
algorithm and store these projective and dimension reduced vectors into a template database.
While in the authentication phase, the projective vectors are taken out for the authentication
samples to extract lower dimension feature vectors. Finally, BC matching is implemented to
obtain a higher matching score and a better recognition performance. The details of every
procedure of the proposed GMFB thermal face recognition approach are as follows.

Enrollment Authentication
/ Training Testing
/ thermal thermal
face images face images
Thermal face image Thermal face image
preprocessing preprocessing
, !

Gabor filters with 5 scales Gabor filters with 5 scales
and 8 orientations and 8 orientations
Modified Fisher Modified Fisher

dimension reduction for » dimension reduction for
every scale every scale
|

A

/ Testing
feature

/ 7
/ /

‘ Template ‘ ‘
\ database \

Matching
Borda Count]

Figure 1. The Schematic Diagram of the Proposed Approach

2.1. Thermal Face Image Preprocessing

It is easier to preprocess thermal face image than visible face image. There are two
situations. If the thermal face image has its corresponding visible face image, it means the
visible camera and thermal sensors and in the same location exactly. We can take the region
of visible face as thermal face region directly using some popular localization algorithm [21].
Otherwise, if the two sensors are not in the same location, it needs to develop some thermal
face localization methods specially. According to the property of gray level thermal image,
we select the adaptive threshold via OTSU algorithm [22] for binary, and then fit the ellipse
using Hough transforms parameters based on Canny edge [23]. Finally, the thermal face is
calibrated through long axis of ellipse, and the glass regions are localized through adaptive
threshold and filled by the average value of the rest thermal face part [24].

2.2. Extracting GJD Features and Dimension Reduction for every Scale

Daugman pioneers 1D Gabor filters to the 2D Gabor filters [25], which play a significant
role in texture representation. While the Gabor wavelets, whose kernels as shown in Eq. (1),
are similar to the 2D receptive field profiles of the mammalian cortical simple cells. They
exhibit desirable characteristics of spatial locality and orientation selectivity, and are
optimally localized in the space and frequency domains.
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where g and v define the orientation and scale of the Gabor kernels, z=(x,y) denotes
the pixel in image and || - || stands for the norm operator. The wave vector k ,, is expressed as

Eq. (2):

uv

,=ke” )

where k, =k, / f* is the sampling frequency for the filter. The parameter k,, is the
maximum sampling frequency, and f is the spacing factor between kernels in the frequency
domain [16]. The parameter ¢, =z /8 shows the direction selection of filters, and

o determines the ratio of Gaussian window width with wavelength and its relationship with
the bandwidth of the filter is:

2In2(2w +1J 3)

where @ denotes a half-magnitude bandwidth.

Let 1(z) be the gray level distribution of an image, the convolution of image | and a
Gabor kernel ¢, , are defined via Eq. (4):

0,,2)=1@)*v(z,) =1y, (2,~2)d’z @)

where z=(x,y), * denotes the convolution operator, and OW(Z) is the convolution result
constituting with real and imaginary parts.
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Figure 2. The Real Part of the Gabor Kernels in 5 Scales and 8 Orientations

The real and imaginary parts of the convolution oscillate easily, and the phase has rotation
usually. These factors affect the recognition performance. In our work, we select the
amplitude as the Gabor wavelet representation feature which is relatively stable and will
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reflect the energy spectrum of the thermal face image. To better interpret the Gabor kernel’s
characteristics of spatial frequency, spatial locality, and orientation selectivity, Figure 2 gives
the real part of the Gabor kernels at 5 scales and 8 orientations, and the magnitude parts after
convolution with thermal face image as shown in Figure 3.
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Figure 3. The Magnitude of Convolution in 5 Scales and 8 Orientations
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In our study, for Gabor wavelets, v €{0,...,4}, x<{0,...,7}, and with the following

parameters: o =27, K, =7 /2 and f =+/2. Gabor wavelet representation results generate
40 times of the original thermal face image size. For an thermal image with size of M x N,
we divide the magnitude representation into L small sub-images. Here, L=mxn, and the
size of every sub-image is s, xs,, where m=M/s_and n=N/s, . So, the mean gray value
of every sub-image is:

> M(xy)
U, = (x.y)ely (5)
Sm XS,
where
M, (%, ) =/(Re(O, (x,¥)))* +(Im(O, (x, y)))* (6)

Re(O,(x,y)) and Im(O,(x,y)) are the real part and imaginary part of O,(x,y). In our
experiments, the parameters are M =80, N =80, s, =16, s, =16 and L=25.

After that, we put these mean gray values belonging to one scale together. Thus one scale
contains eight orientations. This processing is described as below:

GJD, ={U(1,1)01 peeos Uiy, e U gy, ,...,u(llg)zs};

GJD, ={u(2,1)01 v Uiy, es Ugagyy, vees U(z,s>25}3

71



International Journal of Signal Processing, Image Processing and Pattern Recognition
Vol. 6, No. 3, June, 2013

GJD3 :{u(3,1)01 yueny U(svl)zs yrrny U(3’8)01 yurny u(3,8)25}; (7)
GJDA :{u(4,1)01 (A u(4,1)25 e u(4v8)01 rn u(4*8)25};

GJD, :{u(syl)01 v Uiy oo Uis gy, ,...,u(svg)zs};

where every GJD, is called one Gabor Jet Descriptor in scale i with 25x8 components, and
every U, stands for the mean of first block in first scale and first orientation.

To make full use of the discrimination of GJD sufficiently, the dimension reduction should
be taken. LDA method is an ideal pattern classification approach. However, to avoid the
problem of small sample size problem, the Modified Fisher (MF) criterion function [20] is
used as Eq. (8):

j(@)= ;’;22 ®)
ST = SW + SB (9)

where S; and S, are the scatter matrix of between-class and within-class [20]. The
parameter @ is the projective vector, and S; denotes the total scatter matrix as expressed in

Eq. (9)
For every GJD of training thermal face images, we implement MF operation to reduce the

GIDR ={f}, f5... &}
GIDR; ={f,;, f5,.... 1,3 };
GIDR; ={fy, f5,... f3 }; (10)
GIDR; ={f,;, T, T35, 3

GIDRY ={f&, £l . };

where f is the component of every GIDR'. Because of the different distribution

properties, the dimensions g, of GIJDR* are different after using MF operation. The diagram
of the above stages of down sampling is shown in Figure 4.
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Figure 4. The Diagram of the Two Stages of Down Sampling

The 40 magnitude images are divided into 25 blocks at the same time, and the mean gray
value of every block compose the feature component of GJD. After using MF operation on
all the training sample’s GJDs in 5 scales, the dimension reduced feature vector GJDRs are
acquired for matching. This approach will make full use of the superiority of the different
scales of Gabor wavelets magnitude representation, and better than that of putting all the five
scales’ feature into one vector together. It will develop the efficiency of scales of Gabor
wavelet representation, and make the dimension reduction vector has much more
discrimination.

2.3 Matching based on Borda Count

The Borda Count is a single-winner election method in which voters rank candidates in
order of preference. It determines the winner of an election by giving each candidate a certain
number of points corresponding to the position in which he or she is ranked by each voter.
Once all votes have been counted the candidate with the most points is the winner. BC
matching has been used in face recognition [19], and in that literature each GJD is a voter
which is considered as an individual classifier. In our proposed approach, after obtaining
dimension reduced feature vector GJDR, L2 norm shown in Eq. (11) is used to evaluate the

distance of the GJDR} and GJDRJ.k.

D(GJDR!,GIDR") = i(jzp — Y, iefl...,n} (11)

ip
p:

where g; stands for the dimension of the j th scale feature vector, and GJDRJ.k denotes the

template of sample k , GJDR} is the feature vector of testing sample i, n is the total samples

in testing database.
For the distance result, we give the ntesting samples for template GJDRJ.k . The smaller the

better. Eventually, we acquire the order vector for every template vector as given in Eq. 12:
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R ={K o o I

R, ={r,..00t ., iy}

R, ={ry, ...ty 5™} (12)

R, ={r},..r}t ot ™}

R ={r, .. i, 5™}

where n, and c denote the sample number for testing and the class number of database

respectively (n=c*n,), and r,’ denotes the order number of testing sample j. BC matching
is carried out as Eq. (13):

5
B,(x)=> w*r’,j=1..c*n,. (13)
i=1

where w, =1/5 is the weight of every scale.

3. Experimental Results and Analysis

In this section, we first introduce the recent thermal face database and then give the
comparison with many other existing thermal face recognition methods. Furthermore, the
recognition performance based on GMFB method is shown.

3.1. The NVIE Thermal Database

Proposed algorithm for thermal face image is tested in the Natural Visible and Infrared
facial Expression (termed NVIE) database which is constructed by The Key Laboratory of
Computing and Communication Software of Anhui Province (CCSL). It contains six different
expressions of more than 100 subjects, and is recorded simultaneously by a visible and an
infrared thermal camera with illumination provided from three different directions. The posed
database also includes expression image sequences with and without glasses [26]. We utilize
the sub-database including 90 classes, which contains 12 samples with all six expressions, to
test the proposed approach and the other existing methods. The experiments of different
training and testing numbers are also given.

3.2. Recognition Performance

3.2.1. Comparisons with the Existing Thermal Face Recognition Methods

Initially, we compare the proposed method GMFB with other methods such as PCA, LDA,
KPCA, LBP, SIFT, SURF, GJD_LDA, GJD_PCA and GJD_BC. These results are based on 5
training samples and 7 testing samples. In our experiment, the thermal face images are
normalized into gray scale and the size of 80 x 80 pixels.
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Table 1. The Recognition Performance of Different Approaches

NO. Method EER(%)
1 PCA 2004 [10] 14.90
2 LDA 2004 [10] 9.84
3 KPCA 2008 [11] 9.66
4 LBP 2009 [13] 19.22
5 SIFT 2010 [12] 13.75
6 SURF 2012 [5] 33.20
7 GJD_PCA 2002 [18] 12.56
8 GJD_LDA 2002 [18] 6.62
9 GJD_BC 2007 [19] 5.92
10 | Proposed GMFB 4.01

We give the Equal Error Rate (EER) and the Receiver Operator Characteristic (ROC) [1]
curve in Table 1 and Figure 5. We can see the proposed algorithm GMFB gets a good
recognition result on the NIVE database at EER 4.01%. Due to the histogram of local binary
for thermal image, the Local matching-based method LBP doesn’t show its excellent
performance. The global matching methods SIFT and SURF didn’t exhibit very well either.
Because only the temperature could be shown in the thermal image, the interest points are not
very sufficient. However, dimension reduction based method is useful to find the main
direction of the training data. After projecting to another space, it will be easier to distinguish
inter-class samples. That’s why the performance of LDA and KPCA are a little better. In [5],
SURF has better result than that in NVIE thermal database, that’s because we use only the
face region for SIFT and SURF computation and they are based on the whole face image.
Usually, using the whole image for matching in the real application system is not very
practical, because of that thermal face image, the temperature is influenced easily in the part
of hair, neck and clothes, even changes due to the thick clothes. In what follows, we compare
the proposed GJD-based method with other similar methods.

ROC cune of different approaches

B e =
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%Q(

0.9
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Figure 5. The ROC Curve of Different Thermal Face Recognition
Approaches
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3.2.2. The Comparison of the GJD-based Methods

GJD_PCA and GJD_LDA mainly focus on dimension reduction. From Table 1 and Figure
5, GJD_LDA shows better performance than GJD_PCA obviously. GJID_BC which takes
eight orientations as feature directly and uses BC method for matching gives better result than
GJD_LDA and GJD_PCA. Proposed method GMFB shows the best recognition result, which
not only uses BC matching method, but also implements MF dimension reduction algorithm
for Gabor wavelet representation in every scale.

In order to disclose the relationship between the training number and the recognition
performance, classification experiments are performed under a series of different training
numbers. The total number of samples for every class is fixed to 12. The p images are
randomly selected from each class to construct the training data set, and the remaining images
being used as the testing images. To ensure sufficient training, a value of at least 2 is used for
p. Table 2 shows the EER of different approaches in different training parameters. We can see
that the proposed method outperforms the other methods in terms of recognition accuracy.
Also in Table 2, we can notice that the number of training influences the recognition
performance largely. The training numbers 4, 5 or 6 are the better choices. When p = 9 or 10,
there are only 3 or 2 samples for testing, so it just has much more theoretical value but little
practical.

Table 2. Comparison of Different Approaches in Terms of EER (%)

p | GID PCA | FID LDA | GID BC | Proposed
2 15.17 10.06 9.32 12.85
3 14.42 9.17 8.98 5.32
4 13.32 7.99 6.69 4.95
5 12.56 6.62 5.92 4.01
6 12.61 6.92 5.17 3.52
7 12.02 6.01 5.29 3.85
8 11.68 5.58 6.44 4.35
9 12.06 5.68 4.64 4.28
10 11.98 5.04 3.71 4.46
The EER of different GIJD-based approaches with different training numbers
0.16 r T T
‘ ? B GJp_BC
® —4A—GJD_LDA
0.14 ° ~@ —GJD_PCA
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Figure 6. The EER of Different GJD-based Approaches with Different
Training Numbers
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From Figure 6, we can see that the proposed method GMFB shows the best EER value
after training number 3. In the training number 2, it is not efficiency to reduce the dimension
under MF operation. The EER of different approaches become worse as the training number
increasing and testing number decreasing. But the trends are different. The relative better
training number for this NVIE sub-database can be set to 5 or 6.

4. Conclusion

In this paper, we have presented a novel thermal face recognition approach, namely
GMFB. The proposed method utilized Gabor Jet Descriptor (GJD) as well as modified Fisher
criteria in order to reduce the dimension of every scale. Moreover, Borda count (BC)
matching method is used to get a higher matching score. The results based on NVIE thermal
face database show that the proposed method outperforms the state-of-the-art methods.
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