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ABSTRACT

Face biometrics has been gaining traction among the biometrics research community in the recent
decades due to its many advantages an image can be captured in a covert manner, at a distance, and in-the-
wild scenarios; no contact is needed with the sensor, to name a few. Since the inception of convolutional
neural networks, many face recognition (FR) models and its related components have been proposed.
This is possible because of the availability of many large-scale visible band face datasets. However, models
based on visible band data are not reliable in poorly illuminated areas. To address this problem, this
dissertation proposes a synthesis-based approach where visible band face images are synthesized from their
thermal counterparts to facilitate the usage of the existing state of the art visible band-based FR models.
The contributions of this work are three-fold. First, to the best of our knowledge, the world’s largest yet
dataset of its kind, MILAB-VTF(B) dataset has been collected and annotated at UGA by our team to
advance the field of cross-spectral FR.

One of the essential pre-processing steps for many FR systems is geometric normalization, which
involves rotating the face in an image so that the line joining the geometrical eye centers is horizontal. For
the majority of the face matching algorithms, detecting the eye centers is an important module of the face
normalization process. The proposed method improved the eye center detection accuracy by 60% over
the baseline model, and by 14% over training only the StarGAN2 model without the alignment loss.

To address the problem of cross-spectral FR, involution, an operation that inverts the inherence of
convolution is used as the atomic operation to implement a GAN model that includes a generator, a
discriminator, and a style encoder module. Additionally, an identity loss is introduced to preserve the
distinguishable characteristics of individual subjects which improved the face verification area under curve
(AUC) by around 4% over the current benchmark and reduced the equal error rate (EER) by 7%. On the
more challenging MILAB-VTF(B), the AUC is increased by around 16% and 10% over the indoor and

outdoor datasets, respectively.
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CHAPTER I

INTRODUCTION

1.1 Motivation

In the last decade, face recognition has been gaining a lot of traction among the biometric research com-
munity. Biometric system function by comparing the unique physiological or behavioral characteristics
of individuals to perform recognition. Examples of physiological traits are face, fingerprint, palm, iris
etc. and examples of behavioral traits are keystroke, gait, voice etc. These systems have a wide range
of applications in military, government and non-government fields for access control, banking security
etc. Physiological traits have a set of advantages over the behavioral traits as these are permanent, more
unique, and vary from one individual to another. Among the physiological traits, imaging systems are
more robust than fingerprint and palm since no contact is required with the sensor. Iris recognition has
the advantages of it being impermeable genetically, and iris stroma are very unique and are different even
in identical set of twins, triplets, etc. Face is considered one of the most important biometric traits in
human identification due to the following reasons: data can be collected in a covert manner, at a distance,
and in-the-wild-scenarios; no contact is needed with the sensors, to name a few.

On a broader level face recognition can be considered as either a verification or an identification prob-
lem. In general terms verification is "s this the same person?” or a r:1 problem, where an image is verified
against one registered image. Example of face verification systems are personal devices such as cell phones,
computers, storage lockers etc. Face identification can be considered a "who is this person?” or a 1:N match-
ing problem. To identify a person means to check if the person exists in a pre-registered database called
gallery. The person in the gallery set with the least distance score with the person in question is considered
the match. In face recognition, the image that needs to be identified or verified is called a query image,
and the registered image or set of images is called gallery.

Face identification results are typically presented as Rank-N accuracy metrics. Rank-1 accuracy is
the percentage of predictions where the top prediction matches the ground-truth label. Rank-2 is the
cumulative of the top-most and the next top predictions, and rank-3 is the cumulative of top 3. These
results can be represented graphically as cumulative match characteristic (CMC) curves, which is rank

accuracy plotted against the rank number. Face verification performance is typically presented using area



under curve (AUC) and equal error rate (EER). To obtain these, true positive rate (TPR) and false positive
rate (FPR) are calculated over a set of thresholds, and these are plotted against the threshold. The threshold
at the intersection of these two lines is called the EER. A region operating characteristic (ROC) curve is
typically used to represent the verification results graphically, and this is the plot of the TPR against the
FPR. The area under this curve is referred to as the AUC.

Since the inception of neural networks, especially, convolutional neural networks (CNNs) (LeCun,
Bengio, et al., 1995)), many state-of-the-art (SOTA) face recognition (FR) and related models have been
proposed (Deng et al.,|2019; Parkhi et al., 2015; Schroff et al., 20155 H. Wang et al., 2018; ]. Wang et al., 20205
Xiang & Zhu, 2or7). This is due to the availability of several mined datasets in the visible spectrum such as
Labeled faces in the wild (LFW) (G. B. Huang et al., 2008)), MS-celeb-1M (Guo et al., 2016), VGG-Face2
(Caoetal,2018), and YouTube Faces (Wolf et al., 2o11). However, models based on the visible band data
(380-700nm) are not reliable when the data needs to be collected in poorly illuminated areas.

Working outside the visible spectrum, and thus, collecting infrared (IR) face images is proven to be a
practical solution to the problem of low light face capturing and matching (Anghelone et al., 2022). IR
spectrum is broadly classified into active and passive IR. Active IR is further classified into Short-Wave
Infrared (SWIR) and Near Infrared (NIR), while passive IR comprises of Mid-Wave Infrared (MWIR)
and Long-Wave Infrared (LWIR). The advantages and disadvantages of these bands have been discussed
in (Anghelone et al., 2022). This paper primarily focuses on the data collected in the MWIR (3-7m)
and the LWIR spectra (8-14tm), referred to as the thermal band. It has many advantages over the visible
spectrum, for instance, it is invariant to illumination conditions i.e., face image characteristics are found
to be unaffected in low-light and no-light conditions. Therefore, no external illumination is required to
collect data in the thermal band.

Also, images in most, if notall, of the registered databases are collected in constrained visible conditions,
driving the need for cross-spectral FR. The main differences between MWIR and LWIR bands, other than
the spectral range are: (1) the LWIR band has a better atmospheric transmission, allowing radiation to pass
through the atmosphere with minimal interference; MWIR experiences more attenuation than LWIR
while maintaining reasonably good transmission characteristics. (2) LWIR is well-suited for applications
that require temperature sensitivity. MWIR offers temperature sensitivity too, but not as pronounced
as LWIR. (3) LWIR often requires cooled IR detector and can be more expensive than MWIR. Several
bands of the electromagnetic spectrum are shown in Figure

Most of the FR systems typically comprise of the following building blocks: 1. Data acquisition, 2.
Face detection, 3. Geometric Normalization, 4. Feature extraction, and 5. Matching as shown in Figure
Data acquisition refers to either collecting the data from human subjects or mining data from the
internet and other sources. Face detection is localizing the face that needs to be recognized in the given
image. Geometric normalization refers to rotating a face image such that the line joining the geometrical
eye centers is horizontal. This is also called facial alignment. The next step is extracting the features from

the detected and normalized faces, followed by performing the matching.



1.2 Acquisition of thermal-to-visible datasets

This section provides a brief introduction to MILAB-VTEF(B) dataset, the largest thermal-to-visible dataset
till date, to the best of our knowledge, which is one of the main contributions of this dissertation. This data
collection used the latest MWIR imaging sensors, with and without telephoto capabilities, i.e., the A8581
(for close-range) and the RS8s00 series (for long-range imaging). The MWIR-visible dataset created from
this data collection includes a curated dataset that will be publicly available. Thus, assisting the research
community by further closing the gap of MWIR-visible datasets availability. The contributions of this

work are as following:

* An unconstrained, multi-spectral (visible and MWIR ), unsynchronized, paired face dataset with

400 identities is collected.
* This dataset offers variety in terms of weather, pose, and distances.

* The largest multi-spectral face dataset to date by the number of subjects, distances, and the thermal

sensor resolution.

The raw dataset was collected within the 1st quarter of 2021, and is the largest and the most diverse
of its kind to-date, collected in realistic operational conditions, from 1.5 - 400 meters (1312 ft.). The data
collection activity, curated dataset, and the baseline experiments are explained in section Example
figures from the dataset are shown in Figure

1.3 Utilizing Alignment Loss to Advance Eye Center Detection
and Face Recognition in the LWIR Band

Geometric normalization is an integral part of most of the face recognition systems and it refers to rotating
an image such that the line joining the eye centers is horizontal. This requires determining the accurate
geometric eye center location in an image. Reported work in the literature shows the positive effects of
eye center localization on the face recognition performance (P. Wang et al., 2005).

While this work focuses on geometric eye center detection, pupil center detection is another research
area, which has applications in driver drowsiness detection, human-computer interaction etc. (Fuhl,
Santini, et al., |2016; Fuhl, Santini, et al., 2016)). This difference is illustrated in Figure There are few
efficient algorithms developed in the visible spectrum that detect eye centers. One such work is High-
Resolution (HR-Net) (Xiang & Zhu, 2017) which detects the face bounding boxes and five landmarks,
which are, the eye centers, tip of nose, and mouth corners. These models do not perform well on the images
captured outside the visible spectrum, given the spectral gap between the images collected in different
bands. One way to geometrically normalize LWIR images is to manually locate the eye centers on each
face image that needs to be identified or verified. However, this task becomes impractical when dealing

with datasets with thousands or millions of identities as with the real world applications. Geometric



normalization requires an accurate and robust eye center detection algorithm to be employed. Figure|r.4]
shows the geometrically normalized images with ground-truth eye center annotations, eye centers detected
through baseline method, original StarGAN2 (Choi et al., 2020), and the proposed method.

An expected first solution to this problem would be to develop a new LWIR based eye centers or
multi-facial landmark (that includes eye centers) detection model, which would require numerous large-
scale LWIR based face datasets that could be used for training. Thus, with a limited dataset, such model
would perform poorly (this is demonstrated in the baseline experiments). An alternate solution is to use
the existing robust visible band-based landmark detection models to detect the eye centers in the thermal
images. The challenge here is the significant differences between the visible and the thermal band face
images and thus as tested this approach is reported to not perform well.

To address the aforementioned problem, we propose a thermal-to-visible synthesis based approach to
detect the eye centers in thermal images, and utilize an alignment loss derived from the normalized error
between the actual and detected eye centers. Two variations of generative adversarial networks (GANs)
called StarGAN2 (Choi et al., 2020), and cycleGAN (Zhu et al., 2017) are trained to generate visible
images from their thermal counterparts. GANs were first proposed by Goodfellow et al.,|2014/and since
then many variations of the network have been proposed for various applications. One of the important
variations is the image-to-image translation GAN, which translates a given image in one domain to another.
StarGAN2 and cycleGAN are such models that convert images between domains and uses a cyclic loss to
establish a balance between the images originating from different domains. After training and generating
images from the GAN models, HR-Net and MT-CNN are used to detect the eye centers. Next, these
detected eye center coordinates are mapped to the original thermal images. The benefits of this approach
are (i) it is designed to work efficiently in low light to no light environments, where visible images cannot
be used; (ii) since the process is automated and highly accurate, no operator intervention is needed to
manually annotate any landmarks on an input LWIR image.

The contributions of this work are:

* Geometric eye centers in the thermal face images are detected by synthesizing visible images from

their thermal counterparts using image translation GAN models.

¢ Alignmentloss is successfully utilized in training phase as an additional constraint to the StarGAN2
and cycleGAN models to preserve the alignment, which was introduced in Jesorsky et al., 2001/and
is only used in test phase previously (Jesorsky et al., 2001; Mokalla & Bourlai, 2021b; Whitelam &

Bourlai, 2015)).

* The bench-mark eye center detection accuracy (Mokalla & Bourlai, 2021b)) is improved by around
17%, 7%, and 3% when normalized error (¢) < 0.0s, 0.10, and 0.25, respectively.

* We also improve the thermal same-spectral face recognition (FR) accuracy by 3-4%.



1.4 Effects of Demographics and Photometric Normalization on
Image Translation GANSs for Cross-Spectral Face Recognition

Similar to the eye center detection problem, cross-spectral face recognition does not have a straight-forward
solution. This is because of the spectral gap between the visible and the thermal images. One approach
to address this problem is to utilize the image translation models, as explained above, to synthesize visible
images from their thermal counterparts. Then, any of the numerous visible band-based models can be
utilized to perform same-spectral face recognition. This section analyzes the effects of various factors
on GAN-based image translation models and thereby on the cross-spectral FR. The models explored
in this study are pix2pix (Isola et al., 2017), and StarGAN2 (Choi et al., 2020). The goal of this study
is to understand the effects of demographic information on the performance of these networks. The
application of different photometric normalization techniques to face images of both the bands before
synthesis to understand the positive and negative effects of these techniques is also explored.

The contributions of this study are explained below:

* To propose a synthesis based approach for thermal-to-visible face recognition.

* Qualitatively assess the effects of demographic information such as, ethnicity, and presence of beard
on pix2pix, and

* Qualitatively assess the effects of different photometric normalization techniques on image synthesis

and thereby on cross-spectral face recognition.

1.5 Involution GAN: Rethinking Architecture to Improve the

Performance of Cross-Spectral Face Recognition

The next part of this dissertation focuses on developing models for cross-spectral face recognition for
LWIR-visible and MWIR-visible matching. Both of these bands have been used in the FR applications,
including same- and cross-spectral matching (Anghelone et al., 2022)). However, developing an FR model
in thermal or cross-spectral scenarios does not yield as competitive results in terms of accuracy as visible
band ones (Benamara et al., 2022; Cheema et al., 2022). This can be attributed to the unavailability of
sizeable datasets in thermal spectrum which arises from the cost of the sensors, and strict Institutional
Review Board (IRB) regulations (used in the US institutions; there are similar boards in EU and other
countries), and the spectral gap between the visible and thermal band images as shown in Figure[.3} To
address this problem, a solution, similar to the eye center detection , thatleverages the available visible band
FR models by synthesizing visible images from their thermal counterparts, is proposed. To synthesize the
images, A new architecture of Generative Adversarial Networks (GANs) motivated by StarGAN2 (Choi
et al,, 2020) and involution (D. Li et al., |2021), which inverts the inherent principles of convolution, is

implemented.



Specifically, the general basis of GANS is utilized, i.c., a generator and a discriminator, and include a
style encoder, proposed in (Choi et al., 2020)), and build each of these networks using involution operation
(D. Li et al., 2021). Involution, that inverts the inherence of convolution for visual recognition tasks, is
used as the basis for all the neural network blocks in the solution instead of the popular CNNs. This has
proved to improve not only the accuracy, but also reduces the training time significantly. Additionally, we
use a pre-trained ArcFace model (Deng et al., 2019) to extract feature embeddings from the original and
the synthesized images and use the cosine distance between these embeddings as an additional loss term.
The trained GAN model is then used to synthesize the visible images from the thermal images in the test
data. Now the problem of cross-spectral FR is reduced to same-spectral FR for which the solution exists
by means of the numerous visible band-based FR models (Deng et al., |2019; Schroff et al., 2015; H. Wang
etal,2018). This is depicted in Figure

To address the problem of cross-spectral face recognition, a thermal-visible synthesis-based approach
to leverage the available FR models is proposed. For this, the GAN architecture is redesigned using the
involution kernels. Involution operation inverts the inherence of convolution i.e., convolutional kernels
are spatial-agnostic and channel-specific, whereas involution kernels are channel-agnostic and spatial-
specific. This property deprives the CNNs of the ability to adapt to diverse visual patterns at different
spatial locations within an image. To overcome this, involution kernels are distinct in spatial extent but are
shared across channels. The proposed GAN architecture includes a generator, a discriminator, and a style
encoder and roughly follows the architectural guidelines stipulated in Choi et al., 2020l Extracted feature
embeddings using ArcFace from the original and synthesized images are used to compute an additional
identity loss which serves to preserve the distinguishable characteristics of individual subjects.

This solution presents the following key benefits: (i) Works efficiently to match a visible band gallery
to a thermal band query; (ii) Performs well on a multitude of cross-spectral datasets at various distances, as
indicated in section where the results are presented using two different datasets. These are the Army
Research Laboratory - Visible Thermal Face dataset (ARL-V'TF) (Poster et al., 2021) and Multi-spectral
Imagery Lab (MILAB) dataset (Bourlai et al., 2023) which consists of images from LWIR-Visible and
MWIR-Visible bands, respectively.

The primary contributions of this paper can be summarized as follows:

* Asolution for cross-spectral FR that eliminates the need to train or re-train an original deep learning

model which requires images in the order of tens of thousands to millions is proposed.

* GAN architecture is redesigned using the involution operation to improve both, the speed and the

accur acy.

* The SOTA verification Area Under the Curve (AUC) on ARL is increased by dataset by 4% and
the equal error rate (EER) is decreased by 7%.

* The SOTA AUC increased by 17% and 10% and the EER decreased by 15% and 11% over MILAB-
VTEF(B) indoor and outdoor datasets, respectively.



The rest of the dissertation is organized as follows. Chapter[z]expands on the literature review related
to all the problems addressed. Methodological approach followed in addressing each of the problems is
illustrated in chapter[s} All the experiments performed and the results obtained are presented in chapter
and the work is concluded in chapter[s|along with providing insights into the future work.
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Figure r.1: Building blocks of a typical face recognition system. Once the images are acquired, face detection
is performed to obtain the bounding boxes, then, landmark detection is performed for face alignment.
Features are extracted from this aligned face to be used for either identification or verification.
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Figure 1.4: This figure shows the original image and geometrically normalized images using various meth-
ods. a1 - original image, a2 - Using the baseline method, a3 - Using StarGAN2, a4 - Using the proposed
method, a5 - Using ground truth annotations. b. Figure explaining the difference between pupil and
geometric eye centers. This work focuses on the latter for image alignment, while pupil center detection
has other applications such as driver drowsiness detection, human-computer interaction etc.
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band of the electro-magnetic spectrum, and the query images are in the thermal spectrum (LWIR for
ARL-VTEF, and MWIR for MILAB-VTF(B) dataset). Face recognition is performed by synthesizing the
visible images from the thermal images and utilizing the existing algorithms in the visible spectrum.
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CHAPTER 2

LITERATURE REVIEW

2.1 Multi-spectral Face Dataset Collection

Table 2.1: The variable characteristics of each dataset are denoted as follows: (P)ose, (I)llumination,
(E)xpression, (T)ime-lapse, (G)lasses, (O)cclusion, and (L)ocation. The subscript IV is used to identify
characteristics that occur due to natural outdoor conditions (i.e. sunlight, clouds, and wind). MILAB-
VTF(B) uniquely captures high-resolution paired thermal and visible scenes outdoors at large distances.
Importantly, the dataset is diverse with respect to ethnicity, age, and gender. This table is adapted from
Poster et al., 2021l

Dataset Modalities | Subjects | Variability |
UND (Kevin & Bowyer, 2003) LWIR, Visible 241 LET
NVIE (S. Wang et al., 2010) LWIR, Mono 215 LE G
ULFMT (Ghiass et al., 2018) MWIR, Visible 238 PETG
ARL-MMEFD (Hu et al., 2016) P-L, LWIR, Visible 111 E

Tufts (Panetta et al., 2018) NWIR, LWIR, Visible 100 P, E
ARL-VTF (Poster et al., 2021) | LWIR, Visible, Mono 395 P, E,G
MILAB-VTF(B) MWIR, Visible 400 P,L,Ix,Eyn, On

Tables[2.1land 2.2] provides a comparison between MILAB-V'TF(B) dataset and similar datasets that
were created in different spectra. Specifically, the MILAB-VTF(B) raw dataset is characterized by the
following key advantages compared to the other thermal-visible datasets:

1. It is the largest thermal-visible face dataset to-date in terms of number of subjects, images, and
scenarios.

2. High resolution video and images at 1280 X 1024, double previous datasets.

3. Facial images and videos captured both under indoor and outdoor conditions.
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Table 2.2: The variable characteristics of each dataset are denoted as follows: (P)ose, (I)llumination,
(E)xpression, (T)ime-lapse, (G)lasses, (O)cclusion, and (L)ocation. The subscript NV is used to identity
characteristics that occur due to natural outdoor conditions (i.e. sunlight, clouds, and wind). MILAB-
VTEF(B) uniquely captures high-resolution paired thermal and visible scenes outdoors at large distances.
Importantly, the dataset is diverse with respect to ethnicity, age, and gender. This table is adapted from
Poster et al., 2021

Dataset IR Resolution (W x H) Range (m)
UND (Kevin & Bowyer, 2003) 320 X 240 Unspecified
NVIE (S. Wang et al., 2010) 320 X 240 0.75
ULFMT (Ghiass et al., 2018) 640 X 512 1.0
ARL-MMFD (Hu et al.,2016) 640 X 480 (LW) 2.5,5.0,7.5
Tufts (Panetta et al., 2018) 336 X 256 LS
ARL-VTF (Poster et al., 2021) 630 X 512 2.1
MILAB-VTF(B) 1280 X 1024 1.5, 100, 200, 300, 400

4. Natural face expression variations, collected mostly outdoors, where the weather dynamically im-
pacted the facial expressions of participants.

5. Natural illumination and facial occlusion variations found in outdoor conditions resulting in shad-

ows and facial hair obscuring part or sometimes the whole face region.

6. Data at five different stand-off distances, ranging from 1.5 meters controlled, and up to 400 meters
(1312 ft) outdoors, in increments of 100 meters (100; 200; 3005 400 meters).

Finally, here are the common features, challenges, and benefits of the MILAB-VTF(B) dataset when
compared to the second largest dataset, i.e. the ARL-VTF:

1. The indoor and outdoor raw face videos in MILAB-VTF(B) were recorded at the same time. Due
to the complexity and the technical challenges of the data collection in an outdoor environment,
as well as the limited time expected to deliver the dataset (6 weeks), the raw videos were not always

synced. The videos are manually synced for the curated version of the dataset;
2. Both datasets were captured using commercially available thermal cameras;

3. Both datasets involve face data captured under variable facial expression and pose. In ARL-VTF
the subjects count from 1-10 and the face images are captured under controlled conditions. In
MILAB-VTF the facial expressions are natural and face images are captured under uncontrolled
conditions.
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4. The ARL-VTF offers a curated version that is publicly available (limited distribution) that includes
automatically annotated facial landmarks on many face images samples. MILAB-VTF(B) curated

version will also include facial landmarks in a smaller scale.

5. Finally, both datasets support algorithm development in a set of areas, including face/eye/ear de-
tection, same- and cross-spectral face matching (Bourlai & Jafri, 2011), (Whitelam et al., 2010)),
(Mokalla & Bourlai, 2020)), (Abaza & Bourlai, 2013)), multi-modal fusion (Kakadiaris et al., 2005),
domain adaptation, and cross-domain image synthesis (R. He et al., 2021). An example of synthesis
approach for thermal-to-visible face verification is discussed in Isola et al., 2017,

2.2 Utilizing Alignment Loss to Advance Eye Center Detection
and Face Recognition in the LWIR Band

There are several algorithms in the open literature that focus on eye center detection and localization in
visible and thermal images using traditional and machine learning methods, a few algorithms use deep
learning for the task in visible spectrum.

2.2.1  Deep Learning Based Methods

Very few algorithms available in the open literature for eye detection and localization use deep CNNs. One
such work is (Nguyen et al., 2020)), in which the authors use various convolutional layers and blocks such
as a shrinking block to shrink the input image space by selecting an appropriate kernel size, an inception
block, a convolutional block and a detection network. They use Region Proposal Network (RPN) loss
function from Faster R-CNN (Ren et al., j2o15). Fuhl, Santini, et al., po16|proposed a dual CNN based
pupil detection model for pupil detection that can be extended to eye center detection. The image is
down-scaled and divided into overlapping sub-regions which are evaluated by the first CNN and the
center of the sub-region that evokes the highest CNN response is fed into the second pipeline stage, which
is called fine pupil position estimate.

Yuetal., 2018/proposed a deep CNN based method for eye detection in combination with Eye Variance
Filter (EVF) and Support Vector Machines (SVM). While CNNs and SVM:s are used as classifiers, EVF
is constructed for eliminating most of the non-eye images to keep less candidate eye images. Ahmad et al.,
2020|proposed a CNN based method for eye center localization where they train a convolutional neural

network with Rectified Linear Unit (ReLU) and batch normalization layers using eye and non-eye images.

2.2.2 Eye Center Detection in the IR spectrum

Whitelam and Bourlai, 2015 proposed a template based method for eye detection in five different wave-
lengths of the Short Wave Infrared (SWIR) spectrum. They perform automatic face detection to reduce
the search space for the eye detector, then further divide the face into four equal parts. Now, the left and
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Table 2.3: Different Methods for Eye Localization in the Literature.

Literature Method CNNs | Band
Yuetal, 2018 CNNs and SVMs X Visible
Whitelam and Bourlai, 2015/ | Summation range filters - SWIR
Bourlai and Jaffi, 2on| Internal projections - MWIR
Valenti and Gevers, 2o11 Isophotes - Visible
Chaudhari and Kale, 2010 Gabor filters - Visible
G.Lietal, 2006 Brightness histogram - Visible
Mokalla and Bourlai, 2021b| | Image synthesis X LWIR
Proposed synthesis+alignment loss | X LWIR

right eye centers are in the top left and right parts respectively. Then, summation range filters are used
for accurate eye localization. Bourlai and Jafri, 2011 proposed another template based method for eye
detection in the thermal spectrum where the images are first photometrically normalized using Contrast
Limited Adaptive Histogram Equalization (CLAHE), then used an average from ten randomly selected
subjects’ images to generate eye and ocular region thermal templates and an internal projections method
was used to detect eyebrows and eyelashes.

Whitelam et al., 2o1o|proposed a multi-spectral eye detection model composed of six modules: 1. Face
width estimation, 2. Eye template generation, 3. Pupil diameter estimation for each generated eye template,
4. Face detection, 5. Usage of the face boundaries to assist in placing the generated eye templates, and 6.
Lastly, within each detected eye, the pixel with the lowest intensity is found out and the location of this
pixel is registered as the detected eye center.

2.2.3 Eye Center Detection in the Visible Spectrum

Valenti and Gevers, 2011 proposed a novel eye location detection approach based on the observation that
eyes are characterized by radially symmetric brightness patterns. They use isophotes to infer the center
of semi-circular patterns and gain invariance to in-plane rotation and linear lighting changes. They also
introduce a center voting mechanism based on gradient slope in the isophote network to increase and
weigh important votes to reinforce the center estimates and this is integrated into a scale space framework
to find the most stable results. G. Li et al., 2006| proposed a face normalization algorithm by locating the
position of eyeballs mainly based on the brightness histogram using pattern matching. Once the eyeballs
are detected, the eye centers are detected and the face coordinate is obtained by the line segment joining
the two eye centers.

Chaudhari and Kale, 2010|proposed two approaches for geometric face normalization, namely holistic
and feature based. In the holistic approach, the 15% parts with the smallest gray values are chosen as the
eyeball candidate regions and a segment threshold is used to determine the eye centers. Then the mouth
center is localized followed by face normalization by rotating the image so that the line segment joining
the eye centers is horizontal. A feature geometric face recognition approach uses a modified bunch graph
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matching, which is a combination of graph isomorphism (features such as eye centers, nose tip, left and
right corners of mouth are manually selected, and these five features are connected to each other to form
a face graph) and 8o Gabor filters are generated and convolved with each of the features. After creating
the face graphs for two images, the similarity is computed by comparing Gabor jets using the Euclidean
distance.

Timm and Barth, j2o11 proposed an eye detection model based on gradients. In their paper, they
analyze the vector field of image gradients that exploits the flow field character that arises due to the strong
contrast between iris and sclera. They use the orientation of each gradient vector to draw a line through
the whole image and they increase an accumulator bin each time one such line passes through it. Thus,
the accumulator bin, where most of the lines intersect, thus represents the eye center. In addition to this,
they derive a relationship between a possible center and the orientations of all the image gradients. They
use the vector field of gradients by computing the dot products between normalized displacement vectors
and the gradient vectors.

Shafi and Chung, 2009 proposed a feature-based method for eye localization in visible band facial
images, which includes extracting connected regions from facial regions using color, edge density and
illumination cues separately. Some of the regions are then removed by applying rules that are based on
the general geometry and shape of eyes and the remaining connected regions are combined in a systematic
way to enhance the identification of the candidate regions for the eyes. The geometry and shape rules
are once again applied to further remove any false eye regions. Park et al., 2007|proposed another feature
based method in which facial regions of the input image are extracted automatically using AdaBoost, in
order to minimize the illumination effects of various lighting conditions, the illumination normalization
is carried out using local information of image. Then, they estimate the candidates of eyes based on texture
information, and finally the eye centers are localized by geometrical information of the face.

W. Huang and Mariani, 2000| proposed a face detection and facial feature localization algorithm
using multi-scale filters to obtain the pre-attentive features of objects to locate the face and facial features
such as eyes, nose and mouth. A structural model is used to characterize the geometric pattern of facial
components, and texture and feature models are used to verify the face candidates detected earlier. Then
an algorithm to detect eye centers is proposed using contour and region information, and these eye center
locations are used to normalize faces for recognition.

Xingming and Huangyuan, 2006|proposed an illumination independent algorithm for automatic eye
localization in visible images using an illumination normalization method to overcome varying lighting
conditions, then they use a pose independent AdaBoost method to extract face feature candidates. Finally
a heuristic rule is used to filter non-eye candidates and an SVM is employed to classify the regions as
eye/non-eye. Asteriadis et al.,[2006|proposed an eye localization method where the faces are detected first
and the edge map is extracted, then a vector is assigned to every pixel pointing to the closest edge pixel.
The length and slope information of these vectors is then used to detect and localize the eyes. Table
shows that the proposed method is different from the previously proposed approaches.
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2.3 Same-Spectral Face Recognition

There are some recent visible-to-visible face recognition algorithms available in the open literature that
use deep CNNss (Convolutional Neural Networks). Most, if not all, of these models, use the distance
between Euclidean or another form of embeddings as a measure of similarity between faces. FaceNet
(Schroft et al., 2015) is one of the state-of-the-art face recognition algorithms available for visible-to-visible
face recognition. It uses a triplet loss function which is obtained by calculating the L2 distance between
the Euclidean embeddings of faces such that the distances represent the face similarity i.e., faces of the
same person have smaller distances and faces of distinct people have large distances. Y. Li, 2019|presents an
implementation of triplet loss on a face recognition task and conducts several experiments to analyze the
factors that influence the training of triplet loss. They use triplet pairs (one anchor image — one positive
image, the same anchor image — one negative image). The samples are then mapped into a feature vector
through deep CNN's such as Resnet (K. He et al., [2016) or MobileNet (Howard et al., |2or7). One major
drawback of this method is that it requires the mining of triplets to train the model. Also, the angular
margin is preferred to the Euclidean margin because the cosine of the angle has an intrinsic consistency
with softmax. To overcome this problem, W. Liu et al., 2017/ propose SphereFace, in which angular softmax
(A-Softmax) loss is introduced that incorporates an angular margin. A-Softmax loss learns discriminating
features that span on a hypersphere manifold, which intrinsically matches the prior that faces also lic on a
manifold. In addition to that, they introduce a parameter that quantitatively controls the size of angular
margin and derives lower bounds on this margin such that A-Softmax loss can approximate that minimal
inter-class distance is larger than the maximal intra-class distance. This decision boundary parameter is
defined over the angular space.

CosFace (H. Wang et al., 2018) uses Large Margin Cosine Loss (LM CL) that takes the normalized
features as input to learn highly discriminating features by maximizing the inter-class cosine margin. This
loss defines the decision margin in the cosine space and not in the angular space as in (W. Liu et al., 2017).
ArcFace (Deng et al., 2019) utilizes the arc-cosine function to calculate the angle between the current
feature and the target weight since the dot product between the DCNN (Deep Convolutional Neural
Network) feature and the last fully connected layer is equal to the cosine distance after feature and weight
normalization. Then, an additive angular margin is added to the target angle and the targetlogitis obtained
back from the cosine function. This has an advantage over the other angular margin losses as it directly
optimizes the geodesic margin which is the exact correspondence between the angle and the arc in the
normalized hypersphere.

The above margin-based face recognition methods are susceptible to the label noise in the training data
and thus require human effort to clean the datasets. To address this problem, Deng et al., 2020 propose
the sub-center ArcFace, where the intra-class constraint forces all samples close to the corresponding
positive centers by introducing sub-centers. This avoids the possibility of a noisy image not belonging
to the corresponding positive class. Instead, several sub-centers are designed within the same class and

the training sample only needs to be close to any of these sub-centers. This encourages one dominant
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sub-class that contains the majority of the clean faces and multiple non-dominant sub-classes that include
hard or noisy faces resulting in a model that is robust to noise.

Y. Sun et al., 2020 propose the Circle Loss, which penalizes various similarity scores differently i.e. if
a similarity score deviates far from the optimum, it receives a significant penalty. To this end, they use
two different weighting parameters for the intra-class and inter-class distances, allowing them to learn
at different paces. This leads to a unified loss function that learns with class-level labels (softmax cross-
entropy loss function) and pair-wise labels (triplet loss etc).

2.4 Cross-Spectral Face Recognition

To match images from two different modalities, one of the two methods are popularly used. First method

is to project all the images to a common subspace, and the second is to synthesize images.

2.4.1 Feature based Methods

Common subspace projection (CSP) also known as Hashing is one of the well-known approaches for
cross-spectral FR. CSP operates by projecting features extracted from different domains onto a common
subspace and these projected features are used for direct matching since they are in the identical domain.
Some of the more traditional hashing solutions for inter-domain retrieval are canonical correlational
analysis (CCA), bilinear model (BLM), and partial least squares (PLS). The disadvantage with these
methods is that they only consider inter-domain similarity measures on common subspace. To address
this problem, H. Wang et al., 2021/ proposed subspace projection hashing (SPH), in which face features
are extracted as s12-dimensional vectors. These vectors are used to generate hashing matrices, which along
with the features are projected onto the common subspace to generate hashed codes, which are used for
face matching. Additionally, a new loss function that optimizes both inter-domain and intra-domain
similarities is introduced.

Hu etal,, 2015 proposed a thermal-to-visible FR method using partial least squares, which has a pre-
processing stage, a feature extractor, and a partial least squares-based modeling. The pre-processing stage
consists of four components: median filtering of dead pixels, geometric normalization through an affine
transform to a common set of canonical coordinates for alignment, Difference-of-Gaussian (DoG) fil-
tering, which is a common technique to remove illumination variations for visible FR, and constant
normalization, which further enhances the edge information of the DoG filtered thermal and visible im-
ages. Then, features are extracted using Histogram of Oriented Gradients (HOG) method (Dalal & Triggs,
200s)). Finally, these extracted features are matched using partial lease squares method (Wold, 1966).

Chen and Ross, 2016|proposed a thermal-to-visible framework, which uses multiple sets of subspaces
generated by sampling patches from visible and thermal face images. These patches are represented by ei-
ther a Pyramid Scale Invariant Feature Transform (PSIFT) or Histograms of Principal Oriented Gradients

(HPOG). Then, they use a cascaded subspace learning process consisting of whitening transformation,
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Table 2.4: Different Methods for thermal-to-visible FR in the Literature.

Literature Method Synthesis | Involution
H. Wang et al., 2021 | SPH - -
Huetal, 2015 PLS - -
PSIFT
Chen and Roi 2016 1nd HPOG - -
Dietal., 2021 AP-GAN X -
Chen and Ross, 2019 | Multi-scale GAN X -
Benamara et al., 2022/ | GAN+SSIM X -
Mallat et al., 2019 CRN+contextual X -
loss
Proposed Ian)lutu?n GAN X X
+identity loss

factor analysis, and common discriminant analysis is used to construct multiple common subspaces. At
the end, Nearest Neighbor (NN) is used to compare the feature vectors.

Riggan etal., 2018 proposed an optimal feature learning and discriminative framework for polarimetric
thermal to visible face recognition which consists of a deep perceptual mapping (DPM) for direct regres-
sion and coupled neural network (CpNN) for indirect regression. For DPM, HOG or Scale-Invariant
Feature Transform (SIFT) features are extracted from the visible and IR domains and Principal Compo-
nent Analysis (PCA) is used for dimensionality reduction, which in turn reduces the number of trainable
parameters. The CpNN assumes one fixed mapping to ensure that both DPM and CpNN are performing
a one-way regression i.e., thermal-to-visible. Finally, a discriminative regression method called PLS is used
for recognition.

Osia and Bourlai, 2017/ formulated an image synthesis framework and post-synthesis restoration
methodology, to improve cross spectral FR accuracy. They explored cohort-specific matching (per gender)
instead of blind-based matching (when all images in the gallery are matched against all in the probe set).
Narang and Bourlai, 2015, Bourlai et al., 2012} and Osia and Bourlai, 2014|are other examples of similar

approaches for FR outside visible.

2.4.2 Synthesis based Methods

The feature-based methods discussed above are typically two-step methods, where images from the two
domains are represented and projected onto a common subspace and these projections are used for match-
ing. Synthesis is a one-step method where visible images are generated from their corresponding thermal
images. Since the resultant images from these methods are in the visible spectrum, any of the existing
visible band-based FR algorithms (Deng et al., 2019; Schroft et al., 2o15; H. Wang et al., |2018) can be used
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for matching. As a result, GANs are currently the most popular image synthesis models for cross-spectral
FR.

Most, if not all, of the GAN based thermal-to-visible synthesis models use pix2pix (Isola et al.,[po17) or
CycleGAN (Zhu et al., 2017) as the base model and add different loss functions and feedback networks to
improve the cross-spectral face verification accuracy. One of the first works that follow this methodology
are Semantic-Guided GAN (SG-GAN) (Chen & Ross, 2019)), in which a face parsing network (S. Liu et al.,
2015) is used to extract semantic priors from the generated and the target visible images and calculate a
semantic loss. Additionally, VGGFace is used to calculate identity loss and VGG-19 pre-trained network is
used to extract features and a perceptual loss is calculated. Attribute Preserved GAN (AP-GAN) (Dietal,,
2021) is another such work that uses an attribute predictor which is a fine-tuned VGGFace network and
is trained separately from multi-AP-GAN for polarimetric thermal to visible image synthesis. Similar to
Chen and Ross, [2019, identity loss and perceptual losses are used along with the GAN and the multi-scale
attribute losses.

Auto-encoders are another class of multi-layer perceptrons that are sometimes used along with GAN,
as proposed in Patel and Upla, jpo21, where the proposed architecture includes two auto-encoders, two
generators, and two discriminator modules. One generator is used to generate an image from the re-
constructed stream and the other is trained to generate an image from the translated stream. Zhang et
al., 2or7|proposed a GAN approach that uses the aforementioned identity and perceptual losses and a
guidance sub-network (Xie & Tu, 2015) at the end of the visible feature extraction part to guarantee the
reconstructability of the encoded features and to make sure that the learned features contain semantic
information.

Below are some of the more recent works that use GANS to synthesize visible images from thermal or
polarimetric thermal images. Cycle Synthesized Attention GAN (CSA-GAN) (Yadav et al., 2022)) uses
attention guidance and cyclic synthesis objective to reduce the learning space, thereby, leaning towards
finding an optimal solution. Additionally, structural similarity index measure (SSIM) and multi-scale
SSIM (MS-SSIM) losses are used to improve the training capabilities of the attention network.

Benamara et al., 2022/ proposed a heterogeneous FR based on CycleGAN to synthesize visible images
from LWIR face images by incorporating SSIM. They also proposed a multi-sensor detector based on
the recent YOLO v2 architecture for face detection in visible as well as LWIR imagery. Cheema et al.,
2022 proposed Cross-Modality Discriminator Network (CMDN) for heterogeneous FR to learn deep
feature relations for cross-domain face matching while simultaneously extracting modality-independent
embedding vectors for face images. The proposed CMDN parameters are optimized using a novel Unit-
Class loss which is a weighted sum of the triplet loss (Schroff et al., 2015) and the class mean triplet loss
(where triplet loss is calculated between the sample and the mean of the classes). Mokalla and Bourlai,
20212 conducted several experiments to understand the impact of various photometric normalization
techniques and demographics on the performance of GAN models for face verification.

Mallat et al., 2019 proposed the usage of cascaded refinement networks (CRN) coupled with con-
textual loss to synthesize high quality-colored visible images from thermal acquisitions. CRN considers
multi-scale information and is based on training a limited number of parameters, and employing the
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contextual loss makes this method scale and rotation invariant. Peri et al., 2021 proposed an end-to-end
thermal-to-visible synthesis method that includes face detection, keypoint regression and matching. To
train a synthesis model, they incorporated an identity loss by extending the perceptual loss with an addi-
tional constraint such that all the generated images of a particular class must cluster together. This loss
is used in addition to the general-purpose domain-adaptation loss and pixel-wise loss. Some other works

that use synthesis methodology for other tasks are (Mokalla & Bourlai, 2023), (Mokalla & Bourlai, 2021b)).
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CHAPTER 3

METHODOLOGY

This chapter explains the methodological approach followed to address each of the problems discussed in
Chapterffin great detail. Each of the components used are described in a thorough manner.

3.1 Utilizing Alignment Loss to Advance Eye Center Detection
and Face Recognition in the LWIR Band

First, baseline experiments are performed by training the Multi-task Cascaded CNN (MTCNN) using
the original thermal images for face and landmark detection. Then, MTCNN, pretrained on visible
data is incorporated into the training stage of StarGAN2 and CycleGAN to get the annotations out of
the synthesized images. The normalized error between these detected eye centers and the ground-truth
annotations is calculated, and is used as an additional loss term. Results obtained show that the inclusion
of this new loss term improves the eye center detection accuracy and thereby the face recognition accuracy.
During test stage, the trained model is used to generate visible face images from their corresponding
thermal images. Then, pre-trained landmark detection models, namely, MT-CNN and HR-Net, are
used to detect the eye centers in the synthesized images. These eye center coordinates are mapped on to
the original thermal images to geometrically normalize and perform same spectral face recognition. The

methodology is illustrated in Figure

301 MT-CNN

Multi-Task Cascaded Convolutional Neural Network (MT-CNN) Xiang and Zhu, 2017|is a lightweight
framework that integrates the two tasks, face detection and face alignment using unified cascaded CNNs
by multi-task learning. Given an image pyramid, it is resized to different scales to build an image pyramid,
which is the input to the following three-stage framework:

Stage 1: The first stage is called proposal Network (P-Net), which is a fully convolutional network.
This is used to obtain candidate windows and their bounding box regression vectors. Then, the esti-
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Figure 3.1: The methodological approach followed to address the problem of eye center detection in the
LWIR spectrum through image synthesis. Raw images are cropped and resized to satisfy the GAN models’
training and test requirements. Data augmentation is performed by rotating the train and test images
in-plane. These resized images are then used to train GAN models with an additional loss term (alignment
loss). This requires including MT-CNN in the pipeline to detect the eye centers in the synthesized images
during training, and calculating the normalized error.

mated bounding box regression vectors are used to calibrate the candidates. After that, non-maximum
suppression (NMS) is employed to merge highly overlapped candidates.

Stage 2: At this stage, all the candidates are fed to another CNN, called Refine Network (R-Net),
which further rejects alarge number of candidates, and performs calibration with bounding box regression,
NMS candidate merge.

Stage 3: This stage is similar to the second stage, but the aim here is to describe the face in more detail.
In particular, the network outputs five facial landmarks’ positions.

Three tasks are leveraged to train the CNN detectors: face/non-face classification, bounding box
regression, and facial landmark localization. All the three stages are presented in Figure

1. Face classification: The learning objective is formulated as a two-class classification problem. For

each sample x;, cross-entropy loss is used:
Y

L = —(y{log(ps) + (1 — y7*) (1 — log(p:)) (3.1)
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where p; is the probability produced by the network that indicates a sample being a face. The
notation y¢° € {0, 1} represents ground-truth label.

2. Bounding box regression: The offset between each candidate window and the nearest ground
truth (the bounding box’s left top coordinate, height, and width) is predicted. Then, the learning

objective is formulated as a regression problem, and Euclidean loss is employed for each sample x;:

Li* = 135" — v 3 (3-2)

where §2°7 is the regression target obtained form the network and y**

/%% is the ground truth coordi-

nate. There are four coordinates, including the top-left coordinates, height and width, and thus,
yboa: c R4
: .

3. Faciallandmark localization: Similar to the bounding box regression task, facial landmark detection

is formulated as a regression problem and the Euclidean loss is minimized:

L™ = |l =y 3 (33)

~lmk Imk

where ;" is the facial landmark’s coordinate obtained from the network and y;

;™" is the ground

truth coordinate. There are five facial landmarks, namely, left eye, right eye, nose, left mouth corner,
and right mouth corner, therefore yfmk € RY.

3..2 Generative Adversarial Networks

GAN:Ss are first proposed by Goodfellow et al., 2014, It has two multi-layer perceptrons, called the gener-
ator and the discriminator. The generator takes noise as input and outputs images. The discriminator
takes the original and the generated images as input and classifies these images as either real or fake. The
generator is trained to be able to generate images that are indistinguishable from the original images, and
the discriminator is trained to correctly classify the images as real or fake on each occasion. The generator
network can be thought of as analogous to a team of counterfeiters, trying to produce fake currency and
use it without detection, and the discriminator is analogous to the police trying to detect the counterfeit
currency. Competition in this game drives both teams to improve their methods until the counterfeits
are indistinguishable from the genuine currency. In other words, discriminator, D, and generator, G play

a mini-max game with the following objective:
HgIl mgx V(D, G) - Ea:wpdm(ac) [IOg D(.?Z)] + EZsz(Z) UOg(l - D(G(Z)))] (3'4)
where x denotes the real data samples drawn from the true data distribution py,., (), and z represents
the noise vector drawn from the prior distribution p,(2). The objective function is composed of two

terms. The first term, Ex ~ pdata(x)[log D(z)], measures the discriminator’s ability to correctly classify
real data samples as real. The discriminator aims to maximize this term by assigning high probabilities
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to real samples. The second term, E.,,_(z)[log(1 — D(G(%)))], measures the discriminator’s ability to
correctly classify fake data samples generated by the generator as fake. The generator aims to minimize
this term by generating samples that can fool the discriminator. The overall objective of the GAN is to
find the optimal generator G that minimizes the discriminator’s ability to distinguish between real and
fake samples while simultaneously maximizing the discriminator’s accuracy in classification. The basic

functionality of GAN is shown in Figure

3.3 CycleGAN

After GANs were introduced, many variations of the original concept have been proposed, one being the
conditional GAN (Mirza & Osindero, 2014)), which has a generator and a discriminator conditioned by a
label. Based on conditional GANs, image-to-image translation GANs have been proposed to convert a
given image from one modality to another. However, many image-to-image translation GANSs (Isola et al.,
2017)) require paired images. In case of thermal-to-visible face image synthesis, this requires geometrically
normalizing the faces, which is the end goal of this research study. Therefore, an image translation model
that does not require paired images, therefore does not require eye center annotations needed to be used.

CycleGAN is such an algorithm that learns to transfer between domains without paired input-output
examples, therefore incorporating supervision at the level of domains. Assume there are one set of images
in domain X and a different set in domain Y. Mathematically, if there are two translators, G : X — Y
and F' : Y — X, then GG and F’ should be inverses of each other. The cyclic loss used to train cycleGAN
encourages F'(G(x)) = z and G(F(y)) ~ y. Combining this loss with adversarial losses on domains X
and Y yields the full objective for unpaired image-to-image translation of this GAN.

EGAN(Ga Dy, X, Y) = Ey~pdm(y) [log DY(IU)]
+ Errpp(a) [108(1 — Dy (G(2)))]

where G tries to generate images G/() that look similar to images form domain Y, while Dy aims to

(3-5)

distinguish between translated samples G () and real samples y. G aims to minimize this objective against
the adversary D that tries to maximize iti.e., mingmax p, Loan(G, Dy, X, Y'). In a similar fashion, for
the mapping F' : Y — X and its discriminator Dx:

ﬁGAN(F7 DX7 Y7 X) = Exwpdm(r) [lOg DX (.Z')]

(3.6)
+ Eypatw[l0g(1 — Dx(G(y)))]
and similar to the adversarial loss in the objective becomes mingmaz p, Loan(F, Dx, Y, X).
The cycle consistency loss to preserve the cyclic nature between the two domains is defined as:
‘CcyC(Gv F) = Em’\’pdata(x)[HF(G(x)) - le] (3 7)

+ Ey~pda[a(y)[||G(F<y>> —yll]

The cycle consistency is explained in Figure
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3.0.4 StarGAN2

StarGAN2 (Choi et al., 2018)) is another such variation of GAN which is a scalable approach that can
generate diverse images across multiple domains. Itintroduces two modules to replace StarGAN’s domain,
a mapping network, and a style encoder. The mapping network learns to transform random Gaussian
noise into a style code, while the encoder learns to extract the style code from a given reference image.
When using multiple domains, both modules have multiple output branches each providing a style code
for a specific domain. The generator learns to successfully synthesize diverse images over multiple domains
utilizing these style codes. The overall network architecture of StarGAN2 consists of four modules i.e.
the generator, the mapping network, the style encoder, and the discriminator.

The generator module translates a given input image into an output, reflecting a specific style code s,
provided either by the mapping network or by the style encoder . The mapping network consists of a
multi-layer perceptron with multiple output branches, to provide style codes for all the available domains.
The style encoder extracts the style from an input image and produces diverse style codes using different
reference images. This allows the generator to synthesize an output image reflecting the style of a reference
image. Here, the source image contains the object, and the reference image contains the style. Therefore,
in this work, thermal face images are the source, and visible images are the reference. The last module, a
multi-task discriminator, consists of multiple output branches. Each branch learns a binary classification,
determining whether an image produced by the generator is either real or fake. All the modules and their
functionality is shown in Figure[s.s|

Once the model is trained, one of the two synthesis approaches can be used to generate images in the
testing phase, which are latent-guided synthesis and reference-guided synthesis. In latent-guided synthesis,
images are generated by taking a latent code from the trained model at random i.e., the generated image
has the same object as that of the input image and the style from any of the images in the other domain.
In the reference-guided synthesis, each input or source image needs a reference image in the respective
domains and the generated image uses the object from the source image and the style from a user selected
reference image. Since this approach uses face images of the same subjects from the visible and thermal

bands, reference-guided synthesis is used.

The adversarial loss of StarGANZ2 is defined as:

Eadv = Ex,y[lo.gDy(z)]

+ B, j.[log(1 — Dy(G(x, 5)))] (3.8)

where D,(.) denotes the output of D corresponding to the domain y. The mapping network F
learns to provide a style code 5 that is likely in the target domain ¢, and G learns to utilize 5 and generate
an image G(z, 5) thatis indistinguishable from the real images of the domain . Then, in order to enforce
the generator G to utilize the style code § when generating the image G(z, §), a style reconstruction loss

is employed:

Liy = Erg[lI5 — Ey(G(x,5))[1] (3-9)
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At test time, the learned Encoder F allows G to transform an input image, reflecting the style of a
reference image. Finally, the cyclic loss used to properly preserve the domain-invariant characteristics of

its input image X is given below:

Loe = Eryg:llle = G(G(,5), 3)]1] (3.10)

where § = E, () is the estimated style code of the input image x, and y is the original domain of
x. By encouraging the generator G to reconstruct the input image x with the estimated style code 5, G
learns to preserve the original characteristics of x while changing its style faithfully.

3.Ls Alignment Loss

The alignment loss added to the overall loss function to train StarGAN2 and CycleGAN is the normalized
error from Jesorsky et al., 2001, given by

o max (dleft 5 dright)

e= (3.11)
w

where djc ¢ and d,;gn,¢ are the Euclidean distances between the detected and manually annotated left
and right eye centers respectively, and w is the Euclidean distance between the ground-truth left and
right eye centers. This can be defined as the weakest eye estimation (since the maximum of the distances
between the true and the estimated eye centers is taken) divided by the distance between the true eye
centers. Normalizing by dividing the worst estimation with the distance between the true eye centers
makes it independent of scale of the face in the image and the image size. This is illustrated in detail in

Figure

3..6 Training Objective

The original StarGAN?2 training objective is shown below:

min max Ladv + )\styLsty - )\dsLds + /\cychyc (3-12)
GFE D

where Lgqy is the adversarial loss, Ly, is the style reconstruction loss, Ly is the style diversification
loss, and Ly is the cyclic loss (Zhu et al., 2017), and Ay, Ags, and Ay are the hyper-parameters for each
term. Each of these terms are explained in great detail in equations and

CycleGAN can be viewed as training two "autoencoders” where one autoencoder F o G: X — X
is learnt jointly with another G o F': ¥ — Y. However, these autoencoders each have special internal
structures - they map an image to itself via an intermediate representation that is a translation of one

image to another The original CycleGAN training objective is given below:
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G'F* =argmin max [Lgan(G, Dy, X,Y)
GFDyx, Dy

+ LGAN(F7 DX7 Yva X) + )\cychyc<Ga F)] (3-13)

where Dx and Dy are the two adversarial discriminators that aim to distinguish between images x
and translated images F(y), and between images y and translated images G(x) respectively. Each of these
terms are explained in equations

Alignment loss is incorporated into the objectives in and The new training objective for
StarGANG2 is given below:

min max Ladv + )\styLsty - /\dsLds + /\cychyc + )\alnLaln (314)
G,FE D

where Ly, is the alignment loss given in Equation and Ay, is the hyperparameter.
Similarly, the new training objective for CycleGAN is below:

G'F* =argmin max [Lgan(G, Dy, X,Y)
G9FDX7-DY

+ Lgan(F, Dx,Y, X) (3.15)
+ )‘cychyc(Ga F) + )\alnLaZn]

3.7 Eye Center Detection

Once the GAN models, supported by the proposed alignment loss, are trained and visible images are
generated from the original thermal images, HR-Net (K. Sun et al., 2019) and MT-CNN (Xiang & Zhu,
2017) are used to detect the geometric eye centers. Then, these eye center coordinates are mapped to
the associated original thermal face images as shown in Figure The accuracy of the eye detection
is determined using the normalization error in Eq Then, a set of same-spectral face recognition
experiments are performed using Facenet (Schroft et al., pors)), ArcFace (Deng et al., 2019), and VGG-Face
(Parkhi et al., j2o15). Training details and obtained results are presented in Section

3.2 Effects of Demographics and Photometric Normalization on
Image Translation GANSs for Cross-Spectral Face Recognition

This section explains the methodology of the proposed approach in detail. First, the images are cropped
and resized for StarGAN2, and are geometrically normalized for pix2pix. Then, the models are trained
using these images. Next, these trained models are tested using the test images, and the synthesized images
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from the test set are used for face verification using Facenet (Schroff et al., 2015). An overview of the

proposed approach is shown in Figure

3.2.1  Pix2pix

Unlike the unpaired GANSs explained in section Pix2pix is an image-to-image translation model that
utilizes paired images. It is based on the property of conditional GANSs, where the input to the generator
is an image along with the noise vector, and the generator and the discriminator networks are conditioned
on another image captured from a different modality. Given the generator G, and the discriminator D,
input image x, noise vector 2, and the conditional or the reference image y, the objective function of a

pixapix network is given by:

G* = argmingmaxpL.gan(G, D) + AL11(G), (3.16)
where
Legan(G,D) =
B, yllogD(z,y)] + B .[log(1 — D(z, G(z,2))], (3.17)
and

Li(G) = Euy:lly — Gz, 2)]] (3.18)

i.e., the generator is trained using the feedback from the conditional discriminator and Euclidean
distance between the generated and original visible images.

Network Architecture

A defining feature of image-to-image translation problems is that they map a high resolution input grid
to a high resolution output grid. In addition, for the paired images, the input and output differ in surface
appearance, but both are renderings of the same underlying structure i.e., input structure is roughly
aligned with the structure of the output.

Most of the generative models before pix2pix use encoder-decoder architecture (Johnson et al., 2016;
Pathak etal.,2016; Ulyanov etal.,2016; Yoo et al.,[2016; Zhou & Berg, 2016)). In such a network, the inputis
passed through a series of layers that progressively downsample, until a bottleneck layer, at which point the
process is reversed. Such a network requires that all information flow pass through all the layers, including
the bottleneck. For many image translation problems, there is a great deal of low-level information shared
between the input and output, and it would be desirable to shuttle this information directly across the
net. For example, in the case of image colorization, the input and output share the location of prominent
edges. To give the generator a means to circumvent the bottleneck for information like this, pix2pix adds
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skip connections, following the general shape of a "U-Net" (Ronneberger et al., 2o1s). Specifically, they
add skip connections between each layer ¢ and layer n — 4, where n is the total number of layers. Each skip
connection simply concatenates all channels at layer ¢ with those at layer n — 4 as shown in Figure

The discriminator is designed to only model high-frequency structure, relying on an Li term to force
low-frequency correctness (equation . In order ot model high-frequencies, it is sufficient to restrict
out attention to structure in local image patches. Therefore, pix2pix discriminator is a patchGAN, that
only penalizes structure at the scale of patches. This discriminator tries to classify if each N x N patch in
a image is real or fake. This discriminator is convolutionally ran across the image, averaging all responses
to provide the output of D. In this work, a 70 x 70 patch discriminator is used. This is advantageous
because a smaller patchGAN has fewer parameters, runs faster, and can be applied to arbitrarily large
images.

The discriminator is a Markovian discriminator or a PatchGAN - that only penalizes structure at the
scale of patches. This discriminator tries to classify if each N X /N patch in an image is real or fake. In this
study a 70 X 70 patch discriminator is used. The other model used for this study is starGANz2, and this
model is explained in detail in

3.2.2 Photometric Normalization Techniques

Inspired from Whitelam and Bourlai, 2015, two basic photometric normalization techniques are applied
to the original thermal and visible images before training and testing the models. These techniques
are CLAHE (Contrast Limited Adaptive Histogram Equalization) and LBSSR (Log Based Single Scale
Retinex). As a final technique, CLAHE is applied to the original images, followed by applying LBSSR.

CLAHE (Contrast Limited Adaptive Histogram Equalization)

CLAHE (Reza, 2004) operates on small local regions in the image and applies histogram equalization
on each individual region (in contrast to the entire image in regular histogram equalization). In order
to increase the amount of contrast while decreasing the amount of noise, CLAHE redistributes each
histogram so that the height of each bin falls below a predetermined threshold. Specifically, gray levels
below it. Finally, the patches are subsequently combined using bi-linear interpolation. Mathematically,
this can be defined as

fln) = S SR (319)
k=0

where M and N are the number of pixels and gray level bins in each sub-region, respectively, and 4 is
the histogram of each sub-region.
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SSR (Single Scale Retinex)

SSR photometric normalization technique (Jobson et al., 1997) decomposes the image into two compo-
nents, illumination, Z(x,y) (the amount of light falling on the target object) and reflectance, R(x,y) (the
amount of light reflecting oft the target object). The illumination is estimated as a low-pass version of
the original image, while the reflectance component is obtained by dividing the original image from the
illumination image. Mathematically, this can be described as:

I(z,y) = L(X,y) x R(z,y) (3.20)
L(x,y) = I(z,y) * Go(z,y) (3.21)

where G_o is a Gaussian of scale 0 and * denotes the convolution between the image and the kernel.
Finally the reflectance of the image id estimated as:

~

(z,9)
L(z,y)

R(x,y) = log (3.22)

3.3 Involution GAN: Rethinking Architecture to Improve the
Performance of Cross-Spectral Face Recognition

The methodological approach followed to solve the problem of cross-spectral face recognition is as follows:
First, ArcFace model is trained to establish a baseline. Then, pretrained ArcFace is used to extract s12-D
feature embeddings from the original visible and thermal face images, which are saved to be used later.
Then, StarGAN2 model is trained in its original form to establish a synthesis baseline, and then the
proposed INGAN (Involution-GAN) is trained. For the next set of experiments, an identity loss term is
incorporated in the form of cosine distance between the embeddings generated from the original visible
images before training and the embeddings generated from the synthesized thermal and visible images
(since the GAN is cyclic). Then, the trained models are used to generate visible band images from the
thermal acquisitions in the test set. ArcFace is them used to match the original and the synthesized visible

face images. The methodology is illustrated in detail in Figure

3.3.1 Involution

The concept of involution is introduced in D. Li et al., |po21, which is described as inverting the inherence
of convolution (not to be confused with deconvolution, which is the true inverse operation of convolu-
tion). Convolution is, by and large, an operation that is spatial-agnostic and channel-specific. The former
property can be explained as using the same filter for convolution across spatial dimensions. Channel-
specific indicates different filters being used for each of the channels. These properties carry the following

disadvantages: filters won’t be able to adapt to the diverse visual patterns with respect to different spatial
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positions; and a lot of redundancy across the channels. Convolution operation in an image context is
shown in Figure

To address these problems, involution is spatial-specific to be able to learn diverse visual patterns across
spatial positions, and it is channel-agnostic, i.c., the same filter is used at a given position throughout
the depth of the input. To further explain the functionality, convolution operates by sliding the same
kernel over the entire 2D image, and a different kernel is slid over the next layer. In involution, filters are
dynamically generated at every spatial position based on the neighborhood. These spatial-specific filters
are then broadcasted across all the channels. This reduces the training time by reducing the number of
training parameters and since these parameters depend on the spatial location, training converges quicker.
Involution operation is illustrated in Figure

3.3.2 Redblk: Residual Network using Involution

Deep CNNs have a led to a series of breakthroughs for image classification. Now, as these deeper networks
start converging, a degradation problem has been exposed. This degradation implies that increasing
the depth is not always the solution. To address this, deep residual framework (K. He et al., |2016) is
introduced where instead of trying to fit each few stacked layers to fit a desired underlying mapping, the
layers are explicitly fit to a residual mapping. Mathematically, consider H (z) as an underlying mapping
that needs to be fit by a few stacked layers, where x is the input to the first of these layers. The stacked
layers are enabled to fit another mapping F'(x) := H(z) — x. Now, the original mapping becomes
H(z) = F(x)+x. Thisformulation of F'(x)+x can be realized by feed-forward networks with "shortcut
connections", which means to skip one or more layers. In this case, these skip connections simply perform
identity mapping, and their output is added to the output of the stacked layers, as shown in Figure[3.13|
These identity shortcut connections add neither to the number of parameters, nor to the computational
complexity. The entire network can still be trained end-to-end using stochastic gradient descent (SGD)
with backpropagation, and can be easily implemented using common deep learning libraries without the

need to modify any solvers.

3.3.3 Proposed InGAN Architecture

Neural network blocks using involution as the atomic operation are built and skip connections or residuals
(K. He et al., |2016) are used, and these are called Red Blks, following RedNets in D. Li et al., 2021, The
RedBlk built using the involution operation is visualized in Figure The three blocks in this INnGAN
model are constructed using these RedBlks. The detailed network architecture of each of the building
blocks is shown in Tables and and in Figuresand All the downsampling blocks and the first
two blocks of the bottleneck in the generator use instance normalization (Ulyanov et al., 2016)), while the
last two bottleneck blocks and all the upsampling blocks use Adaptive Instance Normalization (Adaln)
(X. Huang & Belongie, 2017; Karras et al., 2019)).
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Table 3.1: Generator architecture, includes downsampling, upsampling, and bottleneck blocks.

Layer Output shape # blocks

Functionality

Inputimage  256X256X3

Invixi

256 X256 X 64

I

Downsample

Inv3x3
RelLU
Invsx3
ReLU
AvgPool

16 X16 X 512

Downsample

Invyx3
ReLU
Inv3 X3
RelLU

16 X 16 X §12

Bottleneck

Invyx3
ReLU
Inv3x3
ReLLU

256X 256X 64

Upsample

Invix1 256 X256 X3

I

Upsample

Table 3.2: Discriminator and style encoder architecture. In the dense layer, K=2 for the discriminator
for the two possible outcomes (real/fake). K=64 for the style encoder, for the output dimension of the
style code. Both, the style encoder and the discriminator have two output branches, one for each of the

domains

Layer Output shape # blocks Functionality
Inputimage  256X256X%3 - -
Invixi 256 X256 X 64 I -

Inv3 x3

RelLU

Invyx3 4X4X5I12 6 Downsample
RelLU

AvgPool

LReLU 4X 4 X512 I -

Inv4 x4 IXIXSI2 I Downsample
LReLU IXIXSI2 I -
Flatten 12 I Reshape
Dense Dx2 I output

3.3.4 Training Objective

The GAN training objective is given below.
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min max Ladv + )\styLsty + Acychyc (32‘3)
GFEE D

where Lqq, is the adversarial loss, L, is the style reconstruction loss, and L. is the cyclic loss (Zhu
etal,2o17), and Ay, and Ay are the hyper-parameters for each term. For more details on the objective
and loss terms, please refer (Choi et al., 2020)).

Reducing the inter-identity distance is proved to improve the face verification accuracy when using
the synthesized images (Zhang et al., 2017) (Chen & Ross, |2019). To achieve this, pre-trained ArcFace
model is used to extract features in the form of s12-D embeddings from the original face images prior
to training the GAN model. During training, ArcFace is again used to generate embeddings from the
synthesized images after each iteration. Then, the cosine distance between these embeddings and those
saved prior to training (that belong to the same identity) is calculated and is used as identity loss and is

shown below.

Liqg = cos [Embg(:,;), Emby} (3.24)

where G(z) is the generated image from the source image, x, and y is the corresponding reference
image, and E'mb indicates the s12-D embedding obtained using ArcFace.

The new objective to train INGAN is now,
min max Ladv + /\styLsty + Acychyc + AidLid (325)
GFEE D

where \;q is the hyperparameter for the identity loss.
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Figure 3.2: Calculating normalized error from the predicted and actual eye centers, adopted from Jesorsky
et al., Pr and Py, are the predicted right and left eye centers respectively, and A and Ay are the
actual right and left eye centers respectively. Normalized error is the the worst eye estimation divided by
the Euclidean distance between actual eye centers.
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Random
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Generator

Adversarial Loss

Figure 3.3: Figure showing the functionality of a vanilla GAN. Generator accepts random noise as input
and tries to generate images that look similar to the real images. The discriminator takes in the real and
fake images as inputs and tries to distinguish. A GAN can be viewed to have trained successfully when
the discriminator cannot distinguish between the real and fake images.
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loss

Figure 3.4: CycleGAN consists of two mapping functions G : X — Y and F' : Y — X, and associated
adversarial discriminators, D x and Dy It is trained by optimizing two adversarial losses and two cycle
consistency losses together.
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Figure 3.5: StarGAN consists of four different networks: A style encoder that generates a style code to
match a reference image, used for reference-guided synthesis; A mapping network that generates style
code from a domain, used for latent-guided synthesis; A generator that takes style code, either from the
mapping network or the style encoder to generate images; and lastly, a discriminator network to distinguish
between the real and the generated images.
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Figure 3.6: Calculating normalized error from the predicted and actual eye centers, adopted from Jesorsky
etal,, Pr and Py, are the predicted right and left eye centers respectively, and Ag and Ay, are the
actual right and left eye centers respectively. Normalized error is the the worst eye estimation divided by
the Euclidean distance between actual eye centers.
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Figure 3.7: MT-CNN is used to detect the eye centers in the synthesized visible images, then these coordi-
nates are mapped to the corresponding original thermal images (green labels). The red labels are from the
baseline model.
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Figure 3.8: Methodological approach followed in this paper. Two variations of GANs (Pix2pix and Star-
GAN?2) are trained using first the original thermal and visible images, and then using photometrically
normalized images. In the test phase, after the images are generated using the trained models, original
and synthesized visible images are used for face recognition using Facenet (pretrained visible-to-visible FR

model).

Encoder-Decoder

Y

Figure 3.9: Figure explaining the difference between the regular encoder-decoder architecture and the
U-Net. The skip connections in the U-Net provide a means to the generator to circumvent the bottleneck
for a great deal of low-level information.
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Figure 3.10: The methodological approach followed in this work is shown here. Succinctly, during training
(represented by the solid line flow), ArcFace is used to extract embeddings from the original and the
synthesized images at every iteration to compute the identity loss, Involution GAN is trained. Then
the trained model is used to synthesize visible images from the thermal images during the test phase
(represented by the dashed line flow). Next, these synthesized and original visible images are matched
using a pretrained visible FR model.
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Convolution
Kernel

Input image Output Image

- %4

Figure 3.11: Convolution is a fairly simple operation. Each 2D kernel (for instance, blue, in the figure)
slides over the input data, performing an element-wise multiplication with the part of the image the input
is currently on (yellow cube on the input image), and then adding the results into a single output pixel
(yellow cube on the output image).

41



Kernel Generation Function

7 ™\
: \/é | o

Figure 3.12: Involution operation and RedBlk built using it are shown here. The involution kernel
(1x1x k?) is yielded using a kernel function conditioned on a single pixel at that spatial location, followed
by a channel-to-space rearrangement converting it to the shape kxkx1. Then, this kernel is broadcasted
across all the channels for that pixel neighborhood.
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Figure 3.13: The RedBlk
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Figure 3.14: Figure showing the architecture of the proposed InGAN generator. It can be considered as
an ensemble of three structures. The first is the upsample network which includes four RedBlks, second,
a bottleneck with four blocks, and third is a downsample network with four blocks.
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Figure 3.15: Figure showing the architecture of the proposed InGAN discriminator. It includes 6 redblks
followed by an involution layer and a fully connected network, resulting in the number of output branches
equal to the number of domains. Each of the output branch has two nodes, one for real and one for fake
output.
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CHAPTER 4

EXPERIMENTAL EVALUATION AND
REsuLTsS

This chapter explains the datasets used, experimental protocol followed, and the results obtained in great
detail for each of the proposed solutions

4.1  Datasets used

Two datasets are used to perform the experiments in this study: Army Research Laboratory - Visible
Thermal Face (ARL-VTF) dataset (Poster et al., 2021) and Multi-spectral Imagery Lab - Visible Thermal
Face (MILAB-VTF(B)) dataset (Bourlai et al., 2023)).

4.1.1  ARI-VTF dataset

This dataset consists of mid-wave infrared (MWIR) and visible images from 395 subjects, out of which the
data from 295 subjects is used for training and the remaining 100 for testing. It includes full frontal images
with neutral expression, pose images, and images with expression. The baseline sequence is collected with
the subjects looking directly at the camera with a neutral expression. The pose sequence of images is
collected by asking the subjects to slowly turn their heads from left to right. The expression sequence of
frontal images is collected by asking the subjects to count out loud incrementally starting from one. It
also includes an additional baseline where subjects were asked to wear glasses if they typically do.

For the eye center detection problem, 10 images for each subject from each band are used for training.
This resulted in a total of 5900 training images. For testing, 5 frontal images from each subject are used
per band, resulting in a total of 500 test images per band. Images in this band do not have much variation
in terms of in-plane rotation. Therefore, to understand the eftects of in-plane rotation on synthesis, and
thereby on eye center detection, all the training and test images are rotated clock-wise and anti clock-wise
at angles 15 and 30 degrees. This increased the size of the training and test set by five fold.
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StarGAN2 requires images of size 256 X 256. Therefore, all the training and test images are cropped
using the given ground truth bounding boxes to a scale of 1.7 to include a consistent margin around the
face, as shown in Figure CycleGAN is trained and tested using the same dataset as described above.

For the cross-spectral face recognition experiments, the same training set as described is used. For
testing, 1 frontal image for each subject per band is used, resulting in a total of 200 test images. Then, the
more challenging MILAB-VTF(B) dataset described below is used to run the experiments.

4.2 MILAB-VTF(B) Dataset

This section describes the process followed when the MILAB team at UGA collected this MWIR-Visible
dataset.

Data Collection

Informed Consent and IRB Procedure. To be able to de-identify the data and avoid duplicate data,
the participants were assigned a random identification number associated with their biometric data after
completing the registration. The participants were also asked to consent or decline the use of their biomet-
ric images in publications, i.e., their facial images can be used as examples in future publications that may
include but are not limited to, research papers, journal articles, presentations, educational material, or
other related documents. The study involved an approximately 40-minute 2 session process, on the same
day. First, an indoor session is carried out in a black camping tent that was reinforced internally so that
limited light was coming in. Next, an outdoor session, that involved facial image and video captured at
short and long stand-oft distances is performed. The state-of-the-art sensors used are from Canon (Mark
IV), Nikon (PX1000) and two FILR sensors, one of which is short range, and the other, long range (see
Tablel4.1).

Indoor Session. Every subject first completed an Institutional Review Board (IRB) consent form
before beginning the collection process. After completing the IRB form, the participants were taken
inside the tent one at a time. Three images were captured using the Canon and A8581 cameras; (1) full
frontal with the subject facing the cameras, (2) full left profile, and (3) full right profile. Next, a video was
captured where the participants were instructed to turn their head, starting from a full frontal position to
a full left profile, then to a full right profile, then look up and then down before returning to a full frontal
pose at the end of the video.

Outdoor Session. After completion of the indoor session, the participants were taken outside to the
collection area outside the tent. Participants were instructed to walk to each of the outdoor collection
areas at 100, 200, 300, and 400 meters from the camera. Videos of each subject were recorded with the
Nikon Prooo and FLIR 8512 cameras at each distance. Participants were instructed to turn their head as
they did in the indoor setting in each of the four different distances. Data was collected in a variety of

weather conditions.
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Table 4.1: Camera Equipment. State-of-the-art camera sensors are used to capture high-resolution MWIR
and visible-spectrum images of subjects at various standoff distances. The exact camera configurations
below are specified below. The Cannon Mark IV, Nikon P9oo, and FLIR A8582 are used for indoor data
collection, while the Nikon Prooo and FLIR RS8s13 are used for outdoor data collection.

Camera Spectrum Spectral Range Focal Length F-Stop Resolution
Canon Mark IV Visible - 70-200mm 2.8-32 1920 X1080
Nikon Pgoo Visible - 24-2000mm  2.8-6.5  1920X1080
Nikon P1ooo Visible - 2.4-3000mm 2.8-8  3840X2160
FLIR A8s81 MWIR 3.0 - 5.0 4m som 2.5 1280 X 1024
FLIR RS8513 MWIR 3.0 - 5.0 4m 120-1200mMm 5 1280 X1024
Ethnicity Age Gender
Other, 4 31-39, 17 40+, 11 Not Mentioned, 1

26-30, 15

Pacific Asian, 99

Islander, 1 Male, 163
Middle 21-25, 147 18-20,210  gemale, 235
Eastern, 9
Hispanic, 33 )
Non-Binary, 1

Figure 4.1: The MILAB-VTF(B) dataset is diverse with respect to ethnicity, age, and gender.

Data Structure - Training and Evaluation Protocol

The MILAB-VTF(B) dataset provides unsynchronized, paired thermal-visible videos and anonymized
identifiers for each subject. Algorithmically generated frame synchronization between thermal and visible
videos, face bounding boxes, and facial key points, which will be useful for developing end-to-end multi-
spectral face verification pipelines are provided. Out of the 400 subjects, 320 subjects are selected for
training, and sequester 8o identities are used for evaluation. Following standard face verification protocols,
gallery and query sets are created from the sequestered data. Specifically, four non-overlapping galleries and
four non-overlapping query sets are created by splitting the evaluation data by pose (i.c., frontal/profile)
and location (i.e., indoor/outdoor).

In addition to the algorithmically generated face bounding boxes and key points, A small subset of
the dataset is labeled manually to allow for the additional evaluation. Five images from each distance,
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location, and spectrum for all 400 subjects are selected and labeled based on specific poses (frontal, left
profile, right profile, facing up and facing down). For each image, a face bounding box and seven landmarks
are annotated. The landmarks include the inside and outside corners of both eyes, tip of the nose, and
the left and right mouth corners.

4.1.3 Benchmark Experiments using MILAB-VTF(B)

This section provides details on the experiments performed to establish baseline results using the MILAB-
VTEF(B) dataset. The experiments performed are multi-spectral face detection, and visible-to-visible same
distance face recognition.

Multi-spectral Face Detection. Google’s Tensorflow object detection API (J. Huang et al., 2017) is
used to perform the face detection experiments. To perform these experiments, a subset of the dataset,
which is manually annotated for face bounding boxes is used. The train set in the manually annotated
dataset consists of five images per subject, per distance, and per spectrum. the fie image are of the subject
looking towards the camera, full left profile, full right profile, looking up, and looking down. the test set
follows the same structure with images from 8o subjects, resulting in a total of 4000 images.

The object detection model used for this study is the Faster R-CNN with Resnet-so as the feature
extractor (J. Huang et al., 2017). This open-source model can be downloaded along with the pre-trained
weights on the COCO dataset (Lin et al., 2014). This model is first fine-tuned on the WIDER face dataset
(Yang et al., 2016)) with a learning rate of 0.00001 and is trained to a total of 150,000 steps with a batch size
of 4. The resultant model is then fine-tuned on the manually annotated training set with the learning rate
of 0.0003 for a total of 40,000 steps with a batch size of 1. The precision and recall metrics obtained when
this model is evaluated on the test set are presented in Tablesand and the resultant face bounding
boxes on the test images are shown in Figure[4.3|

Table 4.2: Face Detection Results. The test includes images from thermal and visible bands at all the
distances. AP is the average precision over IOU’s o.5:0.95. AP, AP,,, AP, are the average precision

values over small, medium and large objects respectively.
Distance =~ AP AP@.so AP@.7s AP; AP, AP

Indoor 77.6 99.0 95.5 - - 77.6
100 Meter  81.8 99.0 96.1 - - 81.8
200 Meter  80.9 100 98.9 - - 80.9
300 Meter  77.7 100 96.9 - - 77.7
400 Meter  48.6 85.4 49.4 16.3 19.8 743

All 66.7 95.7 76.2 15.9 4L 77.7

Same Spectral Face Recognition This section explains the same-spectral face recognition experi-
ments performed using the MILAB-VTF(B) dataset. Face recognition is performed on visible images,
where the gallery and query images are frontal and are collected at the same distance. Next, MTCNN
(Xiang & Zhu, |2017) is used to detect eye centers in all the images. These eye centers are then used to

geometrically normalize the images. These normalized images are shown in Figure[4.4]
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Figure 4.2: Outdoor sample face images from two different subjects pertaining to the MILAB-VTE(B)
dataset collected during the COVID-19 era. The original (raw) face images shown are collected at four
different distances, 100, 200, 300, and 400 meters.
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Table 4.3: Face Detection Results. The test includes images from thermal and visible bands at all the

distances. AR represents average recall and follows the same nomenclature as the precision metrics.
Distance AR AR, AR,, AR,

Indoor 83.2 - - 83.2
100 Meter  8s.0 - - 8s.0
200 Meter  84.1 - - 84.1
300 Meter  81.0 - - 81.0

400 Meter 533 240 343  78.2
All 70.5 237 502 82.2

Figure 4.3: Indoor images with the detected face bounding boxes. The detector performed well for indoor
images.

Three popular and efficient pre-trained FR models are used for this work, namely, Facenet (Schroft
et al., , ArcFace (Deng et al,, , and VGG-Face(Parkhi et al., . Face verification metrics
presented are Area under curve (AUC), Equal error rate (EER), True acceptance rate (TAR) @ False
acceptance rates (FAR) 1% and s%. As per the protocol, 8o subjects are used for testing. Since these
experiments are performed using pre-trained models, training data is not needed.

The performance of all the models decline as the distance increases. An exception is the performance
when going from 300 to 400 meters. The performance at 400 meters is consistently and slightly higher
than the performance at 300 meters for all the models. This could be explained by the zoom-in coefficient
being higher at 400-meter images during data collection. Also, the performance of ArcFace declines
significantly at 200, 300, and 400 meters compared to the other models. This may be because of the
small window size of the model, which is 112 X 112 pixels. VGG-Face performed the best at all the distances
except for indoor, and the window size for this model is 224 X 224 pixels. Face verification metrics using
VGG-Face are presented in Table and the ROC curves using all the three models are shown in Figures

f-sh-6} andz.7}
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Figure 4.4: Geometrically normalized images. Top row - indoor, 100 and 200 meters. Bottom row - 300
and 400 meters.

4.2 Utilizing Alignment Loss to Advance Eye Center Detection
and Face Recognition in the LWIR Band

This section explains the experimental protocol followed to address the eye center detection problem in
the thermal spectrum.

4.2.1 Baseline Experiments

MT-CNN (Xiang & Zhu, is trained using thermal images and corresponding bounding boxes and
landmarks to establish a baseline. MT-CNN needs four different kinds of annotations for the training
dataset.
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Figure 4.5: ROC curves for same spectral face recognition using ArcFace.

* Negatives: Regions where the Intersection-over-Union (IoU) ratio is less than 0.3 to the ground-
truth face,

* Dositives: IoU above 0.65 to a ground-truth face,
* Part faces: IoU between 0.4 to 0.65 to a ground-truth face,

* Landmark faces: Faces labeled with 5 landmark positions

The authors of MT-CNN use WIDER FACE (Yang et al., to collect positives, negatives, and
part face, and CelebA (Z. Liu et al,, as landmark faces. For this study, the same dataset described in
the dataset section for all the annotations is used. Several patches from each image are cropped to collect
positives, negatives, and part faces to train the P-Net. The detected faces from the first stage are passed to
the second stage for further refinement. Then, the last stage is used to locate the final bounding boxes and
landmarks as shown in Figure MT-CNN is trained at a base learning rate of 0.o0o1 and the learning
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Figure 4.6: ROC curves for same spectral face recognition using Facenet.

rate is decreased linearly after 100 epochs until it reaches o at the end of 200 training epochs. A batch size
of 16 is used to train the model. The baseline results obtained from MT-CNN are presented along with
other results in Figure ?? and in Table All the hyper-parameters are established through grid search.

4.2.2 Image Synthesis and Eye Center Detection

Once the data is prepared, a StarGAN2 model is trained using a learning rate of 0.00004 and a batch size
of 1. The image synthesis model in Mokalla and Bourlai,is trained with a batch size of 8. Since the
proposed method uses MT-CNN to detect the landmarks after each iteration, batch sizes higher than 1
resulted in the exhaustion of computational resources. Therefore, the model is trained to optimize the
loss function given in Equationfor 120K iterations with a batch size of 1. The loss terms’ weights are
set to Agty = 1, Ags = 1, Aeye = 1, and Ay, = 3. All the hyper parameters are established through grid
search. The trained model is then used to generate visible band face images from thermal test images from

100 subjects.
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Figure 4.7: ROC curves for same spectral face recognition using VGG-Face.

CycleGAN is trained using an initial learning rate of 0.o0o01 for the first 100 epochs, then the learning
rate is decayed linearly until it approaches zero at the end of 200 epochs. The batch size used to train
this model without the alignment loss is 32, and with the additional loss term, as shown in Equation
it had to be reduced to 16 to not exhaust the computational resources. Similar to StarGAN2, all the
hyperparameters are established through grid search, and A\, = 3 and Ay, = 8 are the weights used for
the loss terms.

Then, MT-CNN and HR-Net are used to detect the eye centers in the synthesized visible face images.
Next, these coordinates are mapped to their corresponding original thermal face images. Examples of
original thermal and synthesized visible images are shown in Figure The eye center detection accuracy
is then calculated using the weakest eye estimation between the detected and ground-truth coordinates.
The normalized error in is used to calculate the accuracy. In the normalized error, e < 0.25 (or 25%
of the inter-ocular distance) roughly corresponds to the width of the eye (i.e. corner to corner), e < o.10

roughly corresponds to the diameter of the iris, and e < o0.05 roughly corresponds to the diameter of the
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Table 4.4: Visible-to-visible same distance face verification metrics using VGG-Face. VGG-Face yielded
the best performance at all the distances except indoor. This can be accounted to the larger input window
size for VGG-Face (224 X 224), which is 4 times greater than that of ArcFace.

Distance AUC?T EER| TAR@%1T TAR@s%1

Indoor 99.85 .72 95.52 98.51
100 Meter  97.43 0s.17 93.10 94.83
200 Meter  96.97 09.23 59.95 88.10
300 Meter  90.02 15.27 21.55 56.04
400 Meter  93.73 14.40 4112 7151

Table 4.5: Normalized Error vs. Accuracy - The proposed approach increases the eye detection accuracy
over the baseline by around 14%, 50%, and 30% for e < 0.0s, 0.10, and 0.25 respectively. e<o.os roughly
corresponds to the diameter of the pupil, e<o.10 to the diameter of the iris,and e<o.25 to the width of
the eye. SG - StarGAN2, CG - CycleGAN, L;,83.36 - Alignment error (proposed), aug - augmentation
with in-plane rotation, M - MT-CNN, H - HR-Net

Model e <0.05(%) | e<o.10(%) | e<o.25(%)
Baseline 7.2 34.0 69.0
SG(M) 24.0 87.2 97.3
SG(H) 21.0 85.6 99.6
CG(M) L7 5.2 9.5
CG(H) 0.5 2.3 5.0
SG(M)+ Ly, 38.0 94.5 100
SG(H)+ Ly, 34.0 92.0 100
CG(M)+ Lan 22.3 52.8 86.0
CG(H)+ Lup, 19.5 45.1 81.0
SG(M)+ Ly, + aug 37.6 94.0 100
SG(H)+ Ly, + aug 34.0 90.1 99.5
CG(M)+ Ly, + aug 22.0 50.3 85.2
CG(H)+ Ly, + aug 18.8 45.0 80.6

pupil. All the results obtained, i.e., using the baseline method, training the original GAN models without
the alignment error, and the proposed method are presented in Figures and and Table

4.2.3 Face Recognition Experiments

The main purpose of automatic eye center detection is to assist in an FR system’s ability to geometrically
normalize a face. If the locations are detected incorrectly, it affects the geometric normalization, which in
turn affects the FR system’s performance. Therefore, to further understand the importance of accurate eye
detection in FR, a series of face recognition experiments are performed using Facenet Schroft et al., 2015,
ArcFace Deng et al., 2019, and VGG-Face Parkhi et al., 2015, For these experiments, one image for every

subject is geometrically normalized using the ground-truth eye centers to ensure correctly aligned faces in
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Table 4.6: Face identification and verification results using VGGFace. SG - StarGANz2, CG - CycleGAN,
L, - Alignment error (proposed), aug - augmentation with in-plane rotation, M - MT-CNN, H - HR-
Net. Regardless of the landmark detection and GAN models used, the proposed approach always yielded

better results.

Model StarGAN2 CycleGAN
Rank-17T | AUCT | EER | | Rank17 | AUCT | EER |
Manual 100.0 98.03 o1.76 100.0 98.03 or.76
No-alignment 48.48 83.36 27.21 48.48 83.36 27.21
Baseline 93.00 89.24 23.44 93.00 89.24 23.44
M 99.60 93.03 15.55 12.30 45.60 59.54
H 100.0 94.52 14.71 10.80 32.30 65.10
SG(M)+ Ly, 100.0 98.86 | o149 92.70 89.23 | 14.23
H+ Ly, 100.0 98.77 4.42 89.23 88.49 11.86
M+ Ly, + aug 99.60 95.06 06.78 92.00 85.23 15.20
H+ Ly, + aug 98.33 95.00 09.50 85.08 85.14 10.37

the gallery set. The query set consists of face images that are geometrically normalized using the manual or
baseline or synthesis methods or images cropped and resized without alignment. Face verification (1-to-1),
and face identification (n-to-1) are performed using the aforementioned models. Face identification is
presented as Rank-1 accuracy and Cumulative Match Characteristic (CMC) curves, and face verification
metrics are presented as Area Under Curve (AUC) and Equal Error Rate (EER) and Receiver Operating
Characteristic (ROC) curves. All the face recognition results are presented in Tables and|4.8|
CMC and ROC curves using StarGAN2 for synthesis are illustrated in Figures|4.12} [4.13} and|4.14} and
using CycleGAN in Figures|4.15} |4.16} and|4.17]

Table 4.7: Face identification and verification results using ArcFace. SG - StarGAN2, CG - CycleGAN,
L, - Alignment error (proposed), aug - augmentation with in-plane rotation, M - MT-CNN, H - HR-
Net. Regardless of the landmark detection and GAN models used, the proposed approach always yielded

better results.

Model StarGAN2 CycleGAN
Rank-17T | AUCT | EER | | Rank11 | AUCYT | EER |
Manual 100 92.41 11.95 100 92.41 11.95
No-alignment 48.65 59.36 46.05 48.65 59.36 46.05
Baseline 62.86 62.69 45.76 62.86 62.69 45.76
M 98.51 74.37 40.48 08.32 21.58 75.49
H 100.0 7LSL 37.72 07.56 33.27 79.35
M+Lgy, 100.0 98.83 | or.49 88.32 89.16 21.26
H+ Ly, 100.0 81.31 25.97 86.75 85.37 19.96
M+ Ly, +aug 92.77 90.13 12.83 87.66 88.60 15.25
H+ Ly, +aug 93.56 92.77 09.85 81.45 79.00 18.21
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Table 4.8: Face identification and verification results using Facenet. SG - StarGANz2, CG - CycleGAN,
L, - Alignment error (proposed), aug - augmentation with in-plane rotation, M - MT-CNN, H - HR-
Net. Regardless of the landmark detection and GAN models used, the proposed approach always yielded

better results.

Model StarGAN2 CycleGAN
Rank-17T | AUCT | EER | | Rank17 | AUCT | EER |
Manual 94.00 97.18 10.26 94.00 97.18 10.26
No-alignment 50.67 84.24 21.27 50.67 84.24 21.27
Baseline 62.5 97.98 16.78 62.5 97.98 16.78
M 98.51 79.85 24.58 12.28 33.21 67.67
H 97.5 85.39 24.85 11.28 45.26 69.22
M+Lgy;, 99.65 97.94 | 05.22 89.26 86.33 22.13
H+ Ly, 100.0 91.48 14.8 87.15 8s.17 24.23
M+ Ly, + aug 91.66 87.24 15.16 89.34 88.26 12.15
H+ Ly, +aug 94.87 90.27 11.28 85.17 86.20 16.23

4.2.4 Discussion

It can be seen from Table that the proposed method improved the eye center detection accuracy by
30%, 60%, and 31% when e < 0.0s, 0.10, and 0.25 respectively when using HR-Net, and by 26%, 58%,
and 31% respectively when using MT-CNN. The efficiency of the proposed approach is more evident
when using CycleGAN. When the original CycleGAN is trained, it failed to keep the alignment of the
images at the slightest resulting in very low eye detection accuracy. The eye detection accuracy when the
proposed approach is applied to train CycleGAN increased by around 20%, and 50%, and 70% when e <
0.0s, 0.10, and o.25 respectively. The reason for the poor performance of the original CycleGAN model
is that it includes only two losses in training the model, namely, cyclic loss, and GAN loss. This resulted
in synthesized images using the CycleGAN to be of poor quality, which lead to the failure in restoring
the alignment of the face, thereby the eye center coordinates. StarGAN2, on the other hand, includes a
total of four networks as explained in Section ??, which explains the reasons for its superior performance.
This, however, comes with a cost, i.e., longer training time, and higher memory requirements. To obtain
optimal results, CycleGAN needs to be trained for around three hours, whereas, to train StarGAN2 on
the same dataset using the same computer, it takes around 45 hours.

Tables anddemonstrate the importance of correctly aligning the face images in improving
FR accuracy. When face images are simply cropped and not aligned, the performance is always poor re-
gardless of the FR model used. Manually annotated eye centers yielded the highest performance metrics as
expected. Baseline method performed better than the unaligned faces, however there is room for improve-
ment. Synthesis methods yielded significantly higher performance metrics. When images are synthesized
using the original StarGAN2 model without including the alignment loss, the Rank-1 accuracy improved
by 15%, 8%, and 7% using Facenet, ArcFace, and VGG-Face respectively. The proposed method yielded
Rank-1 accuracy of 100% using any landmark detection model and any FR model except for Facenet with
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MT-CNN, in which case the Rank-1 accuracy was 99.65%. A similar pattern of improvement in AUC by
around 10% from baseline to the proposed method. CycleGAN performed really poor on its own, and
the accuracy improved by over 75% by incorporating the alignment loss. It can also be observed that the
in-plane rotation did not affect the FR accuracy (for instance, VGG-Face FR accuracy using StarGAN
with alignment loss decreased from 100% to 99.6% when the dataset is augmented with in-plane rotated
images).

Similarly, when CycleGAN is used, the Rank-1 FR accuracy increased by around 80%, 72%, and 77%
when using VGG-Face, ArcFace, and Facenet respectively. Also, AUC increased by over 50% irrespective
of the FR model used. It is inferred that the models with higher eye center detection accuracy when ¢ <

o.10 geometrically normalize the images well and thereby demonstrate superior FR performance.

4.3 Effects of Demographics and Photometric Normalization on

Image Translation GANSs for Cross-Spectral Face Recognition

This section explains the experimental protocol followed in detail. First, pix2pix network is used to synthe-
size visible images from thermal images using the original images without any photometric normalization
techniques to establish a baseline for the training parameters. Then, StarGAN2 is trained with the origi-
nal images to establish a baseline. Then, a few photometric normalization techniques are applied to the
images and the experiments are repeated.

4.3.1  Thermal-to-Visible Image Synthesis with Pix2pix

Baseline Experiments

Since, pix2pix requires paired images, i.e., each image in the thermal band needs to correspond to exactly
one image in the visible band, with almost overlapping object of interest, all the training, validation, and
test images are geometrically normalized and paired. Then, the model is trained with a learning rate of
0.0002 for varying number of epochs. The number of epochs for the first experiment are 200, where the
model is trained for the first 100 epochs at a constant learning rate of 0.0002, then the learning rate is
decayed linearly for the next 100 epochs until it reached o at the end of training. The batch size used is
32, since this is the largest that could be used without running out of CUDA memory during training.
Once the model is trained, it is evaluated on the validation set by using one ground-truth geometrically
normalized visible image per subject as gallery and one generated visible image per subject as probe images.
The gallery image remains the same each time a new model is trained unless a photometric normalization
technique is applied to the ground-truth visible images. Then a learning rate of 0.00002 is used to train
the model with the same number of epochs. The accuracy did not improve and the model did not reach
the desired convergence with this lowered learning rate.

Then the model is trained with a learning rate of 0.0002 for 400 epochs, with fixed learning rate for
the first 200 epochs and then the learning rate is decayed linearly for the next 200 epochs until it reached
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zero at the end of training. This yielded the highest face verification AUC of §8.3% and the lowest EER of
44.8%. Then the learning rate is decreased and the model is trained for the same number of epochs, the
accuracy did not improve with the lowered learning rate. Then the model is trained with a learning rate of
0.0002 for 600 epochs, where the first 300 epochs used the constant learning rate, and then the learning
rate is decreased linearly until it reached zero at the end of the training. This decreased the face verification
AUC by 12% and increased the EER by 8%. Therefore, the baseline hyper-parameters for pix2pix are fixed
at the initial learning rate of 0.0002 for the first 200 epochs and then decayed linearly until it reached zero
over the next 200 epochs. The ground-truth and the generated visible images are shown in Fig.

4.3.2 Effects of Beard and Skin Color on Image Synthesis

The development and test sets used in this study includes people with facial hair: beard, and mustache.
From Figure it can be observed that the individuals with beard and mustache affected the synthesis
process by generating blurred images, which in turn affected the face recognition accuracy. To understand
these effects, all the images with bearded faces are removed from the gallery and probe sets.

Another factor that affected the performance of pix2pixGAN negatively is the skin color tone, specifi-
cally the model generated blurred images when the faces are of color (African American, Asian Indian) etc.
To understand these effects and improve the face recognition accuracy further, these images are removed
from gallery and probe of the test set. This further improved the rank-1 face identification accuracy by 4%,
and the AUC increased by around 10%, and the EER decreased by around 10%. The original thermal and
visible images and the generated visible images are shown in Fig Number of subjects removed from
the test set is 46 i.c., there are 46 subjects in the test set that had either a bearded face or are non-Caucasian.

4.3.3 Effects of Image Quality

Since, the beard and skin color degraded the performance of the pix2pix model, and the aforementioned
experiments are carried out manually, an image quality metric is employed to automate the process. Two
reference based image quality metrics, namely Structural Similarity Index Metric (SSIM), and Universal
Image Quality (UIQ) are employed for this purpose. This filters out the images whose quality score falls
under a certain preset threshold. The threshold is varied to understand the effects of these metrics on the
face recognition accuracy. Itis observed from these experiments that the number of images filtered out did
not significantly vary with the threshold. It can be noticed from Table[4.9|that SSIM and UIQ resulted in
the same accuracy metrics. This is because the two image similarity metrics filtered out the same images.
Applying image quality metrics increased the rank-1 identification accuracy by 4.2% and AUC by 10.7%
and reduced the EER by 10.2%, which is almost equal to the manual screening method.

4.3.4 Photometric Normalization

Different photometric normalization techniques are applied to the thermal and visible images to under-
stand their effects on the image synthesis. The photometric normalization techniques applied are CLAHE,
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Table 4.9: AUC, EER, and Rank-1 face recognition accuracy for pix2pix when all the images are included
in the test set vs removing bearded and colored face images vs using SSIM and UIQ for image quality

assessment.
Test data (e) AUC (%) EER (%) Rank-1(%)
All images 58.3 44.8 3
Manual 68.6 34 7
SSIM Assessment 69 34.2 7.2
UIQ Assessment 69 34.2 7.2

Table 4.10: AUC, EER, and rank-1 face recognition accuracy for pix2pix using photometric normalization
techniques.

PN technique | AUC (%) EER (%)
Original 58.3 44.8
CLAHE 61.2 40.2

LBSSR 57.9 44.9
CLAHE-LBSSR 60.5 43.3

LBSSR, CHALE LBSSR. Each of these techniques are applied on the original images before any geomet-
ric normalization. Since the PN techniques can only be applied to gray-scale images, all the visible RGB
images are converted to gray-scale prior to applying any of PN techniques. After PN is applied, then the
images are geometrically normalized, and used for training and testing. The hyper-parameters obtained
from the baseline experiments are once again used for training in this step, i.e., an initial learning rate of
0.0002 for 200 epochs and a linear decay until it reaches zero at the end of 400 epochs of training. Images
after photometric and geometric normalization in the visible and thermal bands are shown in Fig

Once the training is complete, the same testing method discussed above is followed for evaluating the
trained models. All the accuracy metrics are enumerated in Table[4.10/and the ROC (Region Operating
Characteristic) curves are illustrated in Figure respectively. It can be noticed that the FR accuracy
increased when CLAHE and CLAHE-LBSSR are applied to the images, however this is not a significant
improvement. When LBSSR alone is applied to the images, the accuracy decreased.

4.3.5 Thermal-to-Visible Image Synthesis using StarGAN2

Baseline Experiments with StarGAN2

StarGAN2 does not require and does not use paired images, i.e., images in the thermal band need not
correspond to images in the visible band. According to Choi et al., 2020, images need to be cropped
and resized to 256 X256 before training the model and the cropped images are shown in Fig These
cropped images are used to perform the first set of baseline experiments. The model is trained to a total
of 100,000 steps with a learning rate of 0.0004 and a batch size of 4. Intermediate checkpoints are saved

from 40,000 to 100,000 steps for every 10,000 steps. The model performed the best at 50,000 steps with
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Table 4.11: AUC, EER, and Rank-1 face recognition accuracy for StarGAN2 using photometric normal-
ization techniques.

PN technique () | AUC (%) EER (%) Rank-1(%)

Original 90.8 19.2 25

CLAHE 63.6 40.6 9

LBSSR 57.2 45.8 3
CLAHE-LBSSR 57.4 46.1

25% rank-1, and 90.8% AUC and 19% EER. Therefore, the rest of the StarGAN2 models in this study
are trained using these hyper-parameters. Once the images are generated, faces are cropped out from the
ground-truth and synthesized images using MTCNN (Multi-Task Cascaded CNN) (cite MT-CNN) to
remove the non-face background information from the images. These cropped images are used for face
recognition.

In the second set, once the images are generated using the trained model from above, eye centers are
detected using MT-CNN and the images are geometrically normalized. These geometrically normalized
images are used for face recognition experiments. This resulted in lower Rank-1 accuracy, lower AUC
and lower EER, degrading the over-all recognition performance. In the third set, images are geometrically
normalized prior training, and the resultant model is used to generate images. This still affected the
performance negatively. The synthesized and ground-truth visible images are presented in Figure

Effects of Photometric Normalization

Similar to the later sets of experiments using Pix2pix, three photometric normalization techniques are
applied to the original thermal and visible images before training. Once again, CLAHE, SSR,and CLAHE-
SSR are used. The third technique is where CLAHE is applied to the original images, followed by SSR
technique. The photometric normalization techniques are applied to thermal and visible images in train-
ing, validation and test sets. After training, the models are used to synthesize photometrically normalized
visible images from the test set images. The face detection tool used for the original visible images cannot
be used for these images, because of the normalization. Since the photometrically normalized ground-
truth images have the exact alignment as the original images, the bounding boxes from the previous set
of experiments are used here to crop the faces. This was successful as the bounding boxes were notably
accurate. Then, the cropped ground-truth and synthesized images are used for face matching experiments.
The results are presented in Table and the ROC curves are shown in Figurerespectively.

It can be observed from Table that StarGANz2 performs the best when trained and tested on

original visible and thermal images without any geometric or photometric normalization.
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4.4 Involution GAN: Rethinking Architecture to Improve the

Performance of Cross-Spectral Face Recognition

This section describes the experimental protocol followed and the results obtained in detail.

4.4.1 Baseline Experiments

ArcFace (Deng et al., 2019)) is one of the most popular SOTA face recognition models available in the
literature. To establish a baseline, ArcFace is trained using transfer learning by freezing the initial layers.
The final three layers are retrained using the three training datasets (ARL-VTF, indoor, and outdoor).
The ArcFace loss is given in the equation below:

N
1 6s-cos(t%ier)
Larc ace — lo I
f N lzl ges-cos(eyi+m) 4 2 :j;éyi es-cos(0;) (4 )

where NV is the number of samples in the batch, s is the scale factor, 8,, is the angle between the feature
vector and the y!" class, and 6, is the angle between the feature vector and the j™ class (j # y;). The
learning rate to train this model is set to 1e-3, and the model is trained for 200 epochs with a batch size of 16.
The parameters, s and m are set to be 30 and 0.5, respectively, in the original paper, however these are set
to be 6 and 2, respectively, in this work. This is because the original ArcFace model is designed to classify
millions of classes, while our training set has a maximum of 320 classes. During testing, the final fully
connected layer is removed, and the feature embedding network is used to extract s12-D features from the
test images. Then, the cosine distances between the embeddings from the gallery and query sets (visible
is the gallery set, and thermal, query) is calculated which are then used to compute the face verification
metrics. All the matching results are presented in Tables|4.12} |4.14} and|4.15|and Figures and
The results are presented in terms of AUC and EER following the most recent literature (Peri et al.,

2021; Zhang et al., 2017) to be able to provide a comprehensible comparison.

4.4.2 InGAN implementation and experiments with ARL-VTF dataset

Several experiments are performed to understand the importance of implementing GAN architecture
using involution blocks. All these experiments are performed using the ARL-VTF dataset to establish the
hyperparameters. First setis to train the original StarGAN2 model without any alterations with a learning
rate of 1e-4 and a batch size of 8 for 60K steps.

Then, InGAN is implemented with involution as the atomic operation to build its components.
Additionally, cosine distance between the original and the synthesized visible face images is added as an
additional loss term as described in Equation This model is trained for 150K steps at a learning rate of
3e-6 with a batch size of 2. The weights Agy, Acye, and Ajq are set to 1, 2, and 1 respectively. The learning

rate is lowered since the size of the model increased with the incorporation of the pre-trained ArcFace
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Table 4.12: Table showing the face verification results on the ARL-VTF dataset. It can be seen that the
AUC of the proposed model is around 38% and 25% higher than the baseline and StarGAN2 models

respectively.
Model Rank-1(%) 1 | AUC (%) 1 | EER (%) |
Baseline 44.61 60.05 43.78
StarGAN2 67.27 73.72 34.72
StarGAN2+ArcFace 81.08 79.94 26.89
InGAN 81.53 88.05 18.56
InGAN+ArcFace (Proposed) 94.82 98.08 5.17

Table 4.13: Table showing the face verification results on the ARL-VTF dataset compared to the other
SOTA literature. It can be seen that the AUC increased by at least 4% and the EER decreased by 7% over
the most recent work.

Table 4.14: Table showing the face verification results on the MILAB-VTF(B) indoor dataset. It can be
seen that the AUC of the proposed model is around 38% and 25% higher than the baseline and StarGAN2

Model AUC (%) 1 | EER (%) |
Zhangetal., 2or7 85.7 20.0
Dietal., 2021 87.0 18.1
Fondje et al., 2020 90.1 3.1
Peri et al., 2021 94.1 12.1
Proposed 98.08 517

models respectively.

Model Rank-1(%) 1 | AUC (%) 1 | EER (%) |
Baseline 45.72 62.09 42.40
StarGAN2 56.89 74.70 32.30
StarGAN2+ArcFace 67.27 80.13 28.00
InGAN 74.54 87.96 19.30
Peri et al., 2021 - 76.30 30.60
InGAN+ArcFace (Proposed) 815 93.70 15.40

and computing cosine loss at each iteration. Batch size is also lowered because of the memory constraints
when implementing this model. All the hyperparameters are set through grid search.

Figurepresents the original visible and thermal face images and the generated face images using
the INnGAN model proposed in this work. Tablepresents a comparative analysis of the recent cross-
spectral FR works that use ARL-VTF dataset. It can be seen that our model outperforms all the other
models. Figure[4.24]presents the receiver operating characteristic (ROC) curves.
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Table 4.15: Table showing the face verification results on the MILAB-VTF(B) outdoor dataset. It can be
seen that the AUC of the proposed model is around 30% and 12% higher than the baseline and StarGAN2
models respectively.

Model Rank-1(%) 1 | AUC (%) 1 | EER (%) |
Baseline 32.73 53.80 47.50
StarGAN2 45.94 69.90 36.70
StarGAN2+ArcFace §57.21 72.14 34.70
InGAN 66.76 76.35 31.18
Peri et al., 2021 - 75.50 3110
InGAN+ArcFace (Proposed) 72.97 85.40 20.60

4.4.3 Experiments using the MILAB-VTF(B) dataset
Once all the hyperparameters are established using the ARL-VTF dataset, MILAB-VTF(B) is used to

perform all the aforementioned experiments. These experiments include training ArcFace to establish
a baseline, training StarGANz2, then training the InNGAN model. The only other work that used the
MILAB-VTF(B) dataset thus far is Peri et al., 2021, and these results are compared with theirs in Tables
and Figure shows the original thermal and visible images and the generated visible face
images using the proposed InGAN model.

4.4.4 Discussion

Tableshows that using the involution operation to build the RedBlks improves the face verification
accuracy significantly. It can be seen that the AUC increased by 13% when image synthesis model is used
proving that synthesis models work better for cross-spectral face recognition in general. The accuracy fur-
ther increased by around 6% when the pretrained ArcFace model is used to extract the feature embeddings
to be used to compute the identity loss.

The proposed model, InNGAN architecture, that uses involutional neural networks to build residual
blocks improved the accuracy over the baseline by 28%, and over the StarGAN2 model by 15%. This,
combined with the identity loss yielded an AUC of 98.08% and an EER of 5.17%. Using involution to
build neural network models not only improves the accuracy but also improves the speed of training.
This is because the filter parameters are initialized based on the pixel neighborhood, unlike the CNNG,
where the parameters are initialized randomly. Since the parameters depend on the pixel values, involution
incorporates self-attention. More details relating involution to self-attention can be found in D. Li et al.,
2021, Table compares our results with SOTA synthesis based thermal-to-visible face verification, and
it can be seen that our model outperforms the recent works by around 4%-13%.

Tables and [4.15] present the results on the more recent and more challenging MILAB-VTF(B)
dataset, and it shows that the proposed methodology can be applied to other datasets, and it still improves
the accuracy. In particular, the proposed model increases the AUC over the baseline and StarGAN2
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models by around 30% and 13% respectively for the indoor dataset. A similar trend can be seen for the
results obtained using the outdoor dataset, where the AUC increased by 30% and 12% over the baseline
and StarGAN2 models respectively.
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Original image Resized images

Resize

P-Net, R-Net, and O-Net
NMS & Bounding Box
Regression

Positive and Negative Output from MT-CNN
Bounding Boxes

Figure 4.8: Figure showing the preparation of dataset and output from MTCNN. First, the images are
resized to various scales, and each of the resized image is used for training along with the positive and
negative parts. All the three stages of MTCNN (P-Net, O-Net, and R-Net) operate using bounding box
regression and NMS.
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110

Figure 4.9: Examples of original thermal and synthesized visible images using StarGAN2 and CycleGAN.
Eye centers are automatically detected in the synthesized visible images, and these are mapped to the
original thermal images. First row shows the original thermal images, second and third row shows the syn-
thesized visible images using the StarGAN2 and CycleGAN models trained with the proposed alignment
loss, respectively.
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MNormalizedError vs Accuracy for MTCNN
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Figure 4.10: Normalized Error (e) vs Accuracy - The plot shows the improvement of eye center detection
accuracy when using the proposed approach compared to the baseline and the original StarGAN2 and
CycleGAN models. It shows an increase of around 30%, 60%, and 31% for e < 0.0s, 0.10, and 0.25 respec-
tively, and by 26%, 58%, and 31%, respectively, when using MT-CNN. The eye center detection accuracy
using CycleGAN improved by around 20%, 50%, and 70% when e < 0.0s, 0.10, 0.25 respectively.
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MormalizedError vs Accuracy for HR-Net
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Figure 4.11: Normalized Error (e) vs Accuracy - The plot shows the improvement of eye center detection
accuracy when using the proposed approach compared to the baseline and the original StarGAN2 and
CycleGAN models. It shows an increase of around 30%, 60%, and 31% for e < 0.0s, 0.10, and 0.25 respec-
tively, and by 26%, 8%, and 31%, respectively, when using HR-Net. The eye center detection accuracy
using CycleGAN improved by around 20%, 50%, and 70% when e < 0.0s, 0.10, 0.25 respectively.
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Figure 4.12: Face recognition plots when ArcFace is used with images synthesized using StarGANz2.
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Figure 4.13: Face recognition plots when Facenet is used with images synthesized using StarGANL2.
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Figure 4.14: Face recognition plots when VGG-Face is used with images synthesized using StarGAN2.
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Figure 4.15: Face recognition plots when ArcFace is used with images synthesized using CycleGAN.
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Figure 4.16: Face recognition plots when Facenet is used with images synthesized using CycleGAN.

Accuracy (%)

100

CMC - VGG-Face

|
Manual
No-alignment
Baseline
CG(M)
CG(H)
CG(M}+Lam
CG(H)+Lam
CG(M)+Lan+aug
CG(H)+Law+aug

\

r

E

ROC - VGG-Face

10 —
2
08 -t
o = Manual
5 /— Baseline
w 06 -*" —— No-alignment
2 7
£ = — M)
& 04 - CG(H)
2 — CG(M)+Lan
CG(H)+Lam
02 — CG(M)+Lam+a
—— CG(H)4Lan+a
00 4 T T T T
0.0 02 04 06 08 10

False Positive Rate

Figure 4.17: Face recognition plots when VGG-Face is used with images synthesized using CycleGAN.
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Figure 4.18: Original and synthesized visible images using pix2pix.
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Figure 4.19: Synthesized images where the ground-truth images have bearded faces or non-Caucasian
faces.
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Figure 4.20: Ground-truth and synthesized visible images with PN techniques applied to the thermal and
visible images before synthesis with Pix2pix.
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Figure 4.21: Ground-truth and synthesized visible images with PN techniques applied to the thermal and
visible images before synthesis with StarGAN2.

77



ROC - Pix2pix ROC - StarGAN

10 10
08 1 08
-} 7 L
] L ©
o e -4
¥ 0.6 /,—" v 0.6
E=] - 8
@ -~ @
3 £
E 044 L v 04
‘_/' —— Original (area = 0.58) = . Original (area = 0.91)
02 —— CLAHE (area = 0.61) 02 g —— CLAHE (area = 0.64)
// —— SSR (area = 0.57) —— SSR (area = 0.57)
24 —— CLAHE-SSR (area = 0.61) —— CLAHE-SSR (area = 0.64)
0.0 T T T T z
00 02 04 06 08 10 %% 02 04 06 08 10
False Positive Rate False Positive Rate

Figure 4.22: ROC curves for different PN techniques using pix2pix and StarGANz2 - Photometric Nor-
malization techniques did not impact the performance of Pix2pix, however they affected the performance
of StarGAN2 negatively.

Figure 4.23: Figure showing the original thermal and visible and the synthesized visible images from ARL-
VTF, MILAB-VTEF(B) indoor, and outdoor datasets. In each triad of images, the left image is the original
thermal image, the second is the synthesized visible image, and the one on the right is the original visible
image.
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Figure 4.24: Figure showing the CMC and ROC curves for the ARL dataset. The curves shown in the
figure prove the eminence of the proposed method over the baseline, and the original StarGAN2 methods.
The proposed INGAN outperforms all the other methods irrespective of the dataset used.
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Figure 4.25: Figure showing the CMC and ROC curves for the MILAB-VTF(B) indoor dataset. The
curves shown in the figure prove the eminence of the proposed method over the baseline, and the original
StarGAN2 methods. The proposed INGAN outperforms all the other methods irrespective of the dataset

used.
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Figure 4.26: Figure showing the CMC and ROC curves for the MILAB-VTF(B) outdoor dataset. The
curves shown in the figure prove the eminence of the proposed method over the baseline, and the original
StarGAN2 methods. The proposed INGAN outperforms all the other methods irrespective of the dataset
used.
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CHAPTER §

CONCLUSIONS AND FUTURE WORK

This dissertation focuses on developing solutions for several problems in multi-spectral face recognition.
There are several models that perform same-spectral face recognition, especially in the visible spectrum.
Since the inception of convolutional neural networks, numerous models were proposed that work excep-
tionally well (Deng et al., 2019; Parkhi et al., 20155 Schroft et al., |2o15). This is due to the availability of
large-scale face datasets in the visible band (Guo et al., 2016; G. B. Huang et al., 2008). These datasets and
the models proposed by training and evaluating on these datasets are not completely reliable concerning
varying lighting conditions, such as, low-light to no-light scenarios. It is not as easy to train these models
in the thermal spectrum due to the unavailability of many large-scale datasets in this band. This work
addresses this problem using a synthesis approach. To address these problems, first a large-scale, mid-wave
infrared (MWIR) and visible face dataset is collected, which is the largest yet of its kind, to the best of
our knowledge. Then, an eye center detection solution in the thermal spectrum is proposed through
image synthesis. Then, a series of experiments are conducted to understand the effects of demographics
and photometric normalization on two image translation generative adversarial network (GAN) models.
Finally, a framework is developed using involution (D. Li et al., 2021) as the atomic operation to build a
generative adversarial network (InGAN) which is trained to synthesize visible images from their thermal
counterparts. Specific conclusions are provided in the following sections.

s Acquisition of Thermal-to-Visible Datasets

A new, large-scale face dataset of visible and MWIR thermal imagery is presented. Considering real-
world applications and operational scenarios (where and how an operator will be able to utilize such a
dataset), the dataset is structured to include head pose variations, as well as natural variations in expressions
(uncontrolled environment), all captured using multiple visible and MWIR cameras, under indoor and
outdoor conditions and at different stand-oft distances, ranging from 1.5 meters to up to 400 metres. A
curated version is in the works, and it is expected to be publicly available (restrictions apply).
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s..1 Future Work

Currently, work is being done to create a curated version of the dataset, and it will be evaluated on a set
of different tasks, including MWIR face, eye and ear detection, and recognition, MWIR facial landmark
detection and same-spectral and cross-spectral matching, including identification and verification experi-
ments using multiple state-of-the-art algorithms. There are other challenges that biometric researchers are
expected to be working using this dataset, including cross-spectral face matching using severely degraded
off-pose face images, or using subject wearing glasses (probe set) while they have been enrolled (gallery set)
without any eye-wear. In the latter case and when operating in either the MWIR or LWIR bands, either
eye correction glasses or sunglasses with result in facial occlusion induced by heat absorption in the lenses,

and the expected consequence in face matching accuracy can be significant.

s.2 Utilizing Alignment Loss to Advance Eye Center Detection
and Face Recognition in the LWIR Band

In this work, a synthesis based approach for eye center detection in the long-wave infrared (LWIR) spec-
trum is proposed. In addition to using StarGAN2 (Choi et al., 2020) and cycleGAN (Zhu et al., 2o17)
for image synthesis, alignment loss is incorporated, which is the normalized error between the predicted
and actual eye center coordinates. To facilitate this, a pre-trained model is included in the StarGAN2
and cycleGAN training phases to extract the eye center coordinates from the generated visible images at
the end of each iteration. The normalized error between these predicted eye center coordinates and the
ground truth eye center coordinates is computed to constitute the alignmentloss. This is used to train the
models along with the adversarial and cyclic losses for cycleGAN, and along with the adversarial loss, style
reconstruction loss, style diversification loss and cyclic loss for StarGAN2. There are many large-scale visi-
ble face datasets available with different types of annotations, facial bounding boxes, and facial landmarks,
and reported results using both biometric functionalities, namely identification and verification. These
wide variety of visible band face recognition related research led to the emergence of many state-of-the-art
deep learning based models for face recognition, face detection, and facial landmark detection. However,
visible datasets are not quite useful when operating in low light or nighttime conditions.

Using thermal face images is a viable solution however, the high cost of thermal imaging sensors, and
the lack of large-scale thermal or multi-spectral datasets makes it difficult to train robust deep learning
based models since the training of these models is data driven. To address this problem, visible images are
synthesized from the thermal images and the available visible band face landmark detection models are
used to detect the eye centers. These are later mapped to the original (corresponding) thermal face images.
Results presented in [4.2]show the improvement of eye center detection accuracy of the proposed model
over the baseline even in-plane rotated images are included. The aforementioned section also shows the
improvement in face recognition accuracy when the proposed method is used over the baseline and the
original GAN models. This proves the importance of accurately normalizing the face images to achieve
better recognition performance.
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s.2.1 Future Work

This work opens up the scope for future projects that can focus on expanding to other facial landmarks
such as nose tip, mouth corners etc. We also intend to extend it to detecting more landmarks as resented
in Kopaczka et al., 2016}, which has applications in face tracking and pose estimation. This work addresses
the problem eye center detection only in the frontal images because once the images are non-frontal, face

alignment depends on other landmarks. This can be a potential project as well.

s.2.2  Effects of Demographics and Photometric Normalization on Image Trans-
lation GANSs for Cross-Spectral Face Recognition

Since the thermal camera is invariant to ambient lighting conditions, face images collected in that spectrum
can be used for nighttime surveillance. However, most of the legacy face datasets available are RGB images
collected in the visible spectrum. Therefore, thermal-to-visible face recognition is of high importance
for nighttime surveillance. This work focuses on two of the popular image-to-image translation GANs
to synthesize visible images from their thermal counterparts and studies the effects of demographics and
photometric normalization on the GAN models.

When using pix2pix, it is observed that the images with bearded faces and the images with non-
Caucasian (colored) faces resulted in blurred outputs consistently. Removing these images from the
test dataset improved the verification and identification accuracy. Two reference based image quality
metrics, SSIM and UIQ are used to filter out the blurry images from the synthesized set. This improved
the accuracy too. Then, CLAHE, LBSSR, and CLAHE-LBSSR are applied to the original thermal and
visible images before training and testing the models.

StarGAN2 is not impacted by the presence of beard or by the ethnicity of the participant. However,
the Rank-1 face identification accuracy is still lower than the acceptable range in practical applications. To
understand the effects of photometric normalization on image synthesis, the aforementioned photometric

normalization techniques are applied the original thermal and visible images.

5.2.3 Future Work

This work can be extended by applying many other photometric normalization techniques or combina-
tions. The reason pix2pix failed in case of bearded and colored faces is because the data predominantly
consists of Caucasian non-bearded faces. This problem can be addressed by augmenting the image data
and training different models for each data type and creating a pipeline using beard/no-beard classification
and ethnicity classification.

Since StarGAN2 performed the best for the given data, additional loss terms such as perceptual (John-
son et al., 2016), semantic (S. Liu et al., |2o15) (Long et al., 2015) can be embedded into the GAN to
improve the synthesis process, make the faces in the synthesized visible images look as close to the faces in
ground-truth visible images as possible.
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5.3 Involution GAN: Rethinking Architecture to Improve the

Performance of Cross-Spectral Face Recognition

This study reimplements the GAN architecture using involutional neural networksimprove the thermal-
to-visible face verification accuracy. Involution, introduced in D. Li et al., 2021, operates to invert the
inherent properties of CNNs which are spatial-agnostic and channel-specific. Involution operation is
spatial-specific and channel-agnostic and the filter weights are initialized based on the pixel neighborhood
unlike the random initialization in CNN. This coheres with the fact that the different channels at one
spatial position represent the same pixel, while different spatial locations represent difterent pixels. It also
subsumes the self-attention since the initialization is not random.

These involutional neural networks are used as the building blocks for residual blocks and coin them
RedBlks. GAN architecture consisting of three different blocks, namely, generator, discriminator, and
style encoder are built using these RedBlks. The results show that the proposed method improves the
face verification accuracy over the SOTA by 4% when using the ARL-VTF dataset, and by 17% and 10%
with MILAB-VTEF(B) indoor and outdoor sets respectively. Using involution not only increased the face
verification accuracy, but also improved the training speed.

5.3.1 Future Work

This work opens up the scope to use involution to implement other neural network architectures to
improve the system performance in other domains in terms of accuracy and training speed. This can
also be extended to using the data collected at farther distances, for instance, MILAB-VTF(B) at 200,
300, and 400 meters by introducing face restoration (Abramian & Eklund, 2019; X. Wang et al., 2021),
super-resolution (Johnson et al., 2016; T.-C. Wang et al., 2018) and other such abstractions.
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