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Abstract: The main problem for modern visible light face recognition has been
accurate identification under variable environmental conditions. Thermal
infrared facial images utilization in face recognition systems can provide a
solution for problems related to uncontrolled environmental conditions,
especially to those caused by illumination limitations. This paper compares the
results of the use of visible light and thermal infrared imagery for face
recognition based on the HOG feature descriptor. In particular, the paper
suggests an optimal HOG cell to image size ratio in order to improve recognition
accuracy and reduce computational complexity. Performance statistics are
presented on facial images with different facial expressions. The obtained results
support the conclusion that recognition with thermal infrared images is more
robust and that fusion of sensors should be included for improving recognition
accuracy.
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1 Introduction

Despite a significant level of recognition accuracy (even more than 99% in
controlled conditions) face recognition is still a highly challenging and the most
attractive task in pattern recognition and computer vision. In uncontrolled
operating conditions, face recognition based only on the visible light facial
images degrades recognition accuracy very quickly.

Ilumination dependency is one of the major disadvantages of visible light
face recognition systems and the primary reason why current face recognition
technology cannot be used in outdoor and night vision applications. Other
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factors that affect recognition performance include facial pose variations, facial
expression changes and occlusions [1].

In order to overcome these problems, introducing thermal infrared sensors
in current systems has become an area of growing interest [2, 3]. Thermal IR
spectrum comprising Medium Wave IR (MWIR) and Long Wave IR (LWIR),
has been suggested as an alternative source of information for face detection
and recognition [4].

The face recognition testing environment proposed in this paper includes
both visible and thermal imagery, and uses a face recognition algorithm based
on Histogram of Oriented Gradients (HOG) [5, 6] as feature descriptors and the
Support Vector Machine (SVM) classifier [7, 8].

The common problem in both visible light and thermal face recognition
systems is robustness — the system needs to catch as many features as possible,
but those features need to be a pose or environmental independent. This
indicates that there is a need to find a proper balance between sensitivity of
feature descriptor and robustness of the system.

The other common problem, when it comes to online system applications,
is processing speed — the system needs to process facial images in real-time.

The goal of this paper is to find the right balance between face recognition
system robustness and processing speed on the one side, and accuracy on the
other side by proposing the optimal ratio between cell size (for calculating HOG
features) and image size (scale factor) for both image sensors. Scaling images to
dimensions that correspond to the optimal ratio between the HOG cell and the
image size, the paper discusses the influence of facial expression on recognition
performance in the existing face recognition systems using visible light and
thermal IR facial images. The obtained results are compared with those obtained
using the original size facial images for both sensors. Also, based on a
comparison of environmental influence, a system that uses a fusion of thermal
and visible imagery can be developed with maximum robustness.

The paper is organized as follows. Section II gives the system description.
It presents techniques for classification using the Support Vector Machine
(SVM) method with the Histogram of Oriented Gradients extraction procedure,
as well as the system architecture and facial image database used for this work.
Section III presents evaluation methodologies, as well as statistical and visual
comparison of HOG cell size to image size ratio and facial expression influence
on face recognition performance in the proposed testing environment. Section
IV lists conclusions and presents future work in this research area.
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2 System Description

This paper proposes an environment for testing performance-robustness
relation of the face recognition system, in a variety of conditions for both
thermal and visible light imagery. The testing system for classification is based
on Histogram of Oriented Gradients (HOG) as feature descriptors and Support
Vector Machine (SVM) classifier.

2.1 SVM

Support Vector Machine (SVM) [7, 8] is a classical machine learning
method for data classification and regression, developed by Vapnik and
associates in 1995. SVM has been established as one of the state-of-the-art tools
for machine learning and enjoys great popularity in this area due to very good
results that are similar or better than those obtained by other soft computing
techniques for big data classification problems, such as neural networks. The
application of SVMs to face detection and face recognition problem have been
proposed recently. In [9] SVM is used for face recognition with the component-
based method and two global methods. The SVMs with a binary tree
recognition strategy are used to solve the face recognition problem in [10]. In
[11] SVM is presented as a very effective method for face detection.

Here is an explanation of the basic theory of SVM for binary classification.
SVM is a supervised learning model that generates input-output mapping
functions from a set of labeled training data. Training examples are mapped
from the input space of values of the attributes into the new feature space with
larger dimensionalities, in which training examples can be potentially linearly
split. The task of the training phase is to find an optimal separating hyperplane
in the feature space where the data is presented, in such a way that all data from
the one class can be on the same side of the separating hyperplane.

Fig. 1 — Optimal separating hyper-plane with maximum margin.
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The optimal separating hyperplane is the one which separates training
examples with the maximum margin (distance between the separating
hyperplane and each training data) — Fig. 1.

Equation (1) presents equation of separating hyperplane

w! x+b=0. (1)

The equation of this separating hyperplane represents the model on the
basis of which classification is performed. The SVM determines the optimum
separating hyperplane by maximizing the distance between the separating
hyperplane and the features that are closest to the potential separating line -
called support vectors. The separating hyperplane is completely determined
only by the support vectors, by which the method is named. In (1), vector w
determines the direction of the optimal separating hyperplane, while the
parameter b determines the distance of separating hyperplane from the center of
the coordinate system.

The classification of the test examples is based on the sign of (1). For each
test point { x;,y, } the separation can be formulated by the following conditions:
w'x, +b>0 y, =1,

2

wix +b<0 y =-1.

In order to maximize the margin, the objective function — Equation (3)
needs to be minimized, subject to the condition in (4):

J(w)z%wTw. 3)

yi(wal.er)Zl. “4)

Equation (4) says that distance between the separating hyperplane and each
training data (margin for each training data) should be at least 1. This is a
quadratic optimization problem with linear conditions, and one way for solving
it is the method of Lagrange's multipliers [12]. Solving this problem, optimal
vector w* and parameter b* are obtained and the decision function is:

h,, =sgn(w',x+b"). (5)

SVM can also be generalized to the class of problems when data is not
linearly separable. The first way is the introduction of variable &; that would
tolerate “small” errors on train data. Now, the objective function is (6), subject
to the condition (7):

J(w):%wTerCZé;i, (6)
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v(w'x+b)21-¢, &>0, (7)

where C is constant of regularisation which makes a compromise and balances
between the margin size and the learning error (minimizing the error with the
cost of not getting the maximum margin of separation). Regularisation allows
that margin can be less than 1 for the value of &, .

Another way is based on mapping the input vector space x, in which the
training set is not linearly separable, to a higher-dimensional space ®(x), in

which the training set is linearly separable — graphically presented in — Fig. 2
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Fig. 2 — Mapping input space to a higher- dimensional space.

Instead of a scalar product of high dimensional vectors in a mapped space,
a kernel function K can be introduced, corresponding to the scalar product in the
mapped space:

K(5.5)-0 () (s, ®

For the problem of choosing and constructing the kernel K corresponding
to the scalar product in the new space for a given task, a special mathematical
theory has been developed [13].

2.2 HOG features

Choosing, preparing and getting good features is crucial for the overall
performance of face recognition systems. Histogram of Orientated Gradients
(HOG) [5,6] is a feature descriptor used in computer vision and image
processing primarily for object detection. The concept behind HOG was first
described by Robert K. McConnell in 1986 [14]. However, the use of HOGs has
become widespread since 2005, when Navneet Dalal and Bill Triggs,
researchers from the French National Institute for Research in Computer
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Science and Automation (INRIA), presented their work [15] based on HOG
descriptors for detection of pedestrians in static images.

Distribution of the intensity of brightness or directions of the local edges in
the image can be described by the HOG feature descriptor. Unequal reflection
of light from face presents facial edges in visible light images, while unequal
emitted heat energy from face presents facial lines in thermal images. HOG
features can be efficiently used for the identification of these edges,
independently of the image sensor. In [6] is presented that the HOG feature for
face recognition achieves better accuracy than the LBP descriptor and almost
the same recognition rate with much lower computational time than the widely
used Gabor feature. HOG works on local cells, so it’s invariant on geometric
and photometric transformations, except for the orientation of the object and
these are key advantages over other descriptors.

Gradient in digital image processing presents direction of the highest
increase in the illumination in each image pixel. Combined changes in the
illumination along the horizontal and vertical directions in the observed pixels
correspond to the gradient values, represented by the matrix of gradient modules
G — Equation (10). The gradient orientation in each pixel is contained in the
matrix of angles © — Equation (11).

wi(e)-| 22] 66T ©)
G =|Vf|=,/Gl +G , (10)

0 =arct. G 11

= arctan G—x . ( )

The goal of calculating the HOG features is to obtain discrete gradient
histograms that correspond to cells. Therefore, it is first necessary to divide an
image into cells. The size of a HOG cell is specified in pixels. To capture large-
scale spatial information, the cell size should be increased, but by increasing the
cell size, small-scale details might be lost. The cell size is conditioned by the
block dimension, in which the analysis is implemented. A large block
dimension reduces the ability of suppressing local illumination changes. These
changes may be lost by averaging the values of pixels in a large block.
Reducing the block dimension leads to capturing the significance of local
pixels. A smaller block dimension can suppress illumination changes of the
HOG features.

For calculating HOG features, it is necessary to discretize possible gradient
values. After defining allowed directions that gradient can occupy in each pixel,
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the gradient is projected in two closest, adjacent directions. The projection
implies the redistribution of the gradient module value to the allowed, discrete
directions in a relationship that corresponds to the angular distance of the
gradient from each of them. Directions can be signed (0 ° < 6 < 360 °) and
unsigned (0 ° <0 < 180 °). In the case of unsigned directions, there is no need
for more than nine discrete directions. The obtained histograms for one face
from the facial image database are shown graphically in Fig. 3.

Fig. 3 — HOG features for one facial image in database.

Histograms are calculated by counting the possible directions in each cell —
summing values of the gradient modules corresponding to the observed
direction, across all pixels in the cell for each of the discrete directions. The
histogram values describe the presence of the dominant directions in the
observed cell, and in this way, locally, the presence of edges in the image for
multiple adjacent cells.
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Fig. 4 — Calculating HOG features vector.
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Local normalization of the histogram value for each cell is necessary
because histogram values between spatially close cells can vary significantly.
Normalization is done by blocks that include several cells. Overlapping between
blocks is important and individual cells can enter the composition of multiple
blocks. With overlapping blocks, each histogram enters the final HOG features
vector several times. Large overlap values can capture more information, but
they produce a larger feature vector size. Fig. 4 shows the described procedure
for calculating HOG features.

2.3 System architecture

A block diagram of the proposed system is shown in Fig. 5. The same
algorithm was used for both thermal and visible light sensors. HOG features are
calculated on resized input thermal or visible facial image. The algorithm for
HOG features extraction is implemented with the cell size of 8x8 pixels.
Dimensions for the normalization block are 2x2 cells with 2 overlapping cells
between the adjacent blocks. Unsigned directions are implemented with 9
discrete directions. Then HOG feature vectors are passed to the classifier. The
classifier is trained with images from the database — for visible light test images
with visible light images and for thermal test images with thermal database
facial images. The Multiclass SVM [16] in the one-vs-all scheme with Gaussian
Kernel trick [17] has been used for classification. After processing the obtained
feature vectors, SVM classifier gives matching results. The result of SVM
classifiers is a vector with the matching scores for each person individually. The
proposed system utilizes the maximum of the matching scores vector that
classifier produces as the final matching score for the recognized face.

Input

Visible/Thermal
Image

Image Resize
EL
Feature Extraction

SVM Visible/Thermal
Classifier Image Database

Output Image

Fig. 5 — Block Diagram of proposed face recognition system.
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2.4 Facial Image Database

Database used for this paper contains visible light and the corresponding
thermal infrared (LWIR) images of 29 persons under different lighting
conditions, different facial pose, and different facial expression. The database is
collected by the authors of [18]. Each pair of visible light and thermal images
was taken simultaneously, so using this database, facial expression influence on
recognition performance between two imaging sensors can be easily compared.

Training set for this work contains 7 pairs of visible light and thermal
images per person, captured from 7 different angles, on daylight and with
neutral facial expression — Fig. 6.
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Fig. 6 — Training set of one person in database.

Test set for this work contains four subsets of facial images for testing
different facial expression influence — neutral, smile, boring and open mouth -
Fig. 7. All images have the same orientation and the size of all images is
320%240 pixels. Each test subset contains 2 images per person frontally
oriented.

Fig. 7 — Test set for different facial expression
(from left to right: neutral, smile, boring and open mouth,).
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3 Results and Discussion

3.1 Evaluation methodology

Results and performance statistics for visible and thermal face recognition
have been presented with common evaluation methods: Receiver Operating
Characteristic (ROC) and Cumulative Match Characteristic (CMC) curves.

Receiver Operating Characteristic curve [19] presents the diagnostic ability
of a classification system when its discrimination threshold is varied, where
each point on the curve defines the sensitivity pair corresponding to a particular
decision threshold. Accuracy is measured by the area under the ROC curve [20],
in such a way that greater area means better recognition accuracy. The ROC
space is defined by True Positive Rate (sensitivity) — the number of well-
recognized faces and False Positive Rate (/-specificity) — the number of wrong
recognized faces — “false alarm’.

The CMC curve [19] presents the percentage of recognition accuracy on
specified rank. Rank is plotted on the horizontal axis and runs from 1 up
through the number of persons in the database. For each test face, there is a
corresponding database face of the same person. Generating a CMC curve is
based on comparing the matching result for each facial test image against all
database sorted by decreasing similarity. Test face is correctly recognized at
rank k if the database face of the same person is among the first £ faces in the
sorted database. Recognition accuracy on rank 1 is the most important
performance indicator on CMC curves.

3.2 Experimental results

Figs. 8 and 9 show the effect of image scale factor (image resolution) on
recognition performance for thermal and visible face recognition.
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Fig. 8 — Scale size effect on recognition performance for
thermal images (different facial expressions).
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Fig. 9 — Scale size effect on recognition performance for
thermal images (different facial expressions).

Experimental results show that both thermal and visible face recognition
test environments provide better results for images with resized dimensions.
Although some information from the original image is lost with rescaling,
experiments indicate that the lost information is related to distinctions between
the test and database images affected by different transformations, which makes
the system more robust. Removing pixels that make differences in the facial
appearance of the same person on different images leads to a greater similarity
between the test and database images. Graphics in Fig. 8 indicates that the
optimal scale factor for the test set of thermal images with different facial
expressions is equal to 0.2. Consequently, it can be concluded, based on results
of all test sets, that the optimal scale factor for thermal sensors is 0.2. Fig. 9
shows that, for visible facial images, the highest recognition accuracy for the
test set of different facial expressions is obtained for the scale factor of 0.1.
Table 1 shows image size, HOG feature vector length, the time needed for
single-frame processing and recognition and time needed for training SVM
classifier depending on different scale factors. For resized images, HOG
features vectors have a shorter length, which is also an advantage from the
implementation point of view — the processing of these vectors is less
computationally expensive. Processing and recognition time per frame and time
needed for training SVM classifier is measured offline in Matlab software
package. It can be concluded from the obtained recognition results and
processing time that the optimal image scale factor for a common visible and
thermal system should be equal to 0.2. Implementation in Matlab is slower than
it would be in the real-time application, but it can be concluded that with the
resized image with scale factor 0.2, processing per frame is faster (1.26 times)
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than with the original image size, with the similar expectation in real-time
applications.
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Fig. 10 — Scale size effect on recognition performance for
visible light images (different facial expressions).

For the chosen scale factor of 0.2 for both sensors, the scaled images have
dimensions of 24x32 pixels. Cell size for calculating HOG features is 8x8
pixels, and the optimal hog cell to image ratio is 12.

Table 1
Image size, HOG features vector length, processing time per frame
and training SVM time depending on scale factor.

Scale
factor 1 09 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1

Image size

[pixels] 240x320(216x288| 192x256 | 168x224 | 144x192 | 120x160 | 96x128 | 72x96 | 48%64 |24x32

HOG

40716 | 32760 | 25668 | 19440 | 14076 | 9576 5940 | 3168 | 1260 | 216
features

Processing
time per | 0.282 | 0.279 | 0.273 | 0.263 | 0.260 | 0.256 | 0.240 | 0.228 | 0.224 [ 0.216
frame [s]

Training

tSVh/[[] 27.839(22.589| 17.934 | 14.261 | 11.391 | 8.516 | 6.572 | 5.065 | 3.806 |3.161
ime [s

The results of tests described in following text are obtained with images
scaled with factor 0.2 and 8x8 pixels HOG cell size.
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Performance of the algorithm on test sets with visible light facial images
for different facial expression is shown using ROC and CMC curves — Figs. 10
and 11.
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Fig. 11 — ROC curves; visible facial images, different facial expressions.
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Fig. 12 — CMC curves; visible facial images, different facial expressions.

The presented graphics of ROC and CMC curves show that the system
obtains exceptionally good results for images of people with neutral facial
expression, which is expected, as the persons in that test set have the closest
facial expression to those who are in training database. Lower accuracy is
obtained for boring, smiley and faces with open mouth because the faces at
these images have much more changes relative to the images in the database.
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Changes in those images affect the gradient of brightness and HOG features and
lead to performance degradation.

Algorithm’s performance on test sets with thermal facial images for
different facial expression is shown with ROC and CMC curves — Fig. 13
and Fig. 14.
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Fig. 13 — ROC curve; facial images, different facial expressions.
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Fig. 14 — CMC curves; thermal facial images, different facial expressions.

Compared to visible imagery, better results (by several percent) are
obtained for all test sets of thermal images which shows that the thermal
infrared imagery is less dependent on the face changes caused by facial
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grimaces and more robust to facial expression changes. Also, the advantage of
thermal spectrum for face recognition lies in the fact that thermal sensors collect
the heat energy emitted from the face which is not affected by illumination
changes that have the most important influence on visible light imagery [1].

Table 2 presents the area under the ROC curve (AUC) and Rank 1
accuracy for both sensors, as the most important indicators of the algorithm
performance and support of the conclusions drawn from the ROC and CMC
curves. Compared to the results obtained for images with original dimension
presented in [1, 21], Table 2 shows that the recognition accuracy is significantly
higher for images scaled using factor 0.2 to the dimensions of 24x32 pixels.
Both indicators (Rank 1 and AUC) show the advantage of scaling images for
both sensors and all facial expressions. The biggest improvement for visible
light images is obtained for boring facial expression — 10%. For the boring look
of the face, the whole surface of the face has appearance changes compared to
the neutral facial expression, and, therefore, pixels in this test set of visible
images are changed in a much wider range compared to those in the images in
database. Scaling images results in losing some pixels, and in this case, the
pixels that make the difference between neutral and boring look of the face are
lost, resulting in a greater similarity between the test and database images.
Improvement in recognition accuracy for thermal facial images is noticed for all
facial expressions in the range between 14% and 26%.

Table 2
Rank 1 Accuracy and AUC for different facial expression.
Visible light Thermal
Facial Rank 1 AUC Rank 1 AUC
expression
Resized | Original | Resized | Original | Resized | Original | Resized | Original
Neutral 1 1 1 1 0.96 0.98 0.99 0.97

Smiley 0.72 0.67 0.97 0.95 0.74 0.60 0.90 0.94

Boring 0.63 0.53 0.96 0.92 0.72 0.57 0.89 0.83

Open mouth 0.67 0.67 0.96 0.91 0.74 0.48 0.90 0.84

4 Conclusion

This paper presents visible light and thermal face recognition performance
in an operational scenario, including facial expression changes. It has been
shown that visible light face recognition works very well, with exceptional
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performance, for facial images with neutral facial expression. This situation
represents controlled conditions in which the recognition accuracy is usually
good. However, changes even in a small part of the face, such as the area
around the mouth, lead to a significant degradation in the recognition accuracy.
On the other side, thermal infrared systems are less dependent on the angle of
capturing images, and small facial changes caused by facial grimaces which
results in much better recognition accuracy than visible light systems. However,
in spite of the fact that they are more robust to facial expression and
illumination changes, thermal images are sensitive to changes in environment's
temperature, variations in thermal emission from the skin and opaque to glass,
what is particularly evident in images of people wearing eyeglasses.

Most importantly, experimental results show that both, thermal and visible
face recognition systems perform better results using images with downsized
dimensions. Although some information from the original images is lost with
scaling, experiments indicate that the lost information is related to distinctions
between the test and database images affected by different transformations
(pose, facial expression...), making the system more robust. It can be concluded
from the obtained results in the described experiments that the optimal scale
factor for both visible and thermal images should be equal to 0.2.

Also, the processing of images with resized dimensions is less
computationally expensive, which is another advantage of resizing dimensions.
For cell size for calculating HOG features of 8x8 pixels, based on presented
research, optimal HOG cell to image ratio should be equal to 12.

Presented results also indicate that, in order to take advantages from both
spectra, systems that use fusion of thermal and visible imagery [21, 22] should
be developed for maximum recognition accuracy and robustness in uncontrolled
environmental conditions.
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