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ABSTRACT OF THE DISSERTATION

Towards Domain-Inspired Solutions Tackling Limited and Diverse Data Problems:
Applications in Bioinformatics, Astrobiology, and Biometrics

by
Saisri Padmaja Jonnalagedda

Doctor of Philosophy, Graduate Program in Electrical Engineering
University of California, Riverside, December 2024
Dr. Bir Bhanu, Chairperson

As the use of machine and deep learning becomes increasingly ubiquitous, there is
also a need to address the most common challenges in real-world applications of deep learn-
ing. This thesis presents a study of four applications, for building solutions with informed
design choices addressing major challenges such as limited and diverse data problems, tack-
ling artifacts, and data imbalance - to name a few.

The first application deals with developing generative models to reproduce and
characterize the visual manifestation of unapparent radiogenomic features in MR imaging
for a rare mutation in Glioblastoma patients. This research reports three contributions
in this study: (1) a novel generative approach that models tumor macro-features in this
limited, diverse, and unbalanced dataset, (2) a novel approach to computationally model
tumor invasion properties, and (3) a new metric to evaluate GANs.

The second application has an astrobiological utility to study one of the most
definitive biogenic signs of early life on Earth, the double-rippled bedforms (DRBs) from

the Ediacaran Member (550-555 Ma) of South Australia. We develop automated tools

viii



for this analysis while tackling the challenges of an uncurated, limited, and artifact-ridden
dataset. We develop a new automated tool for astrobiological investigation that robustly
detects miniature biosignatures while tackling these challenges.

The third application addresses the challenge of video-based human recognition
using a limited feature set under extreme imaging distortions, imaging range, lack of frames,
arbitrary pose, occlusions, air turbulence, and changing clothes. We propose two novel
body-based biometrics, one using 2D binary silhouette, and one using 2D RGB images,
that can tackle the aforementioned challenges while using minimal information at a time.
Extensive evaluation reveals the efficacy of each of these biometrics under varying imaging
conditions.

The fourth application is to develop novel generative methods to synthesize full-
atom 3D protein conformations for the AS42 monomer. An intrinsically disordered protein,
ApB42 has a highly dynamic nature and a complex feature space. We propose a novel
sampling technique to synthesize novel conformations that can capture the high variability
in the protein features and has shown to be highly effective in sampling stable, diverse,

unique, and biologically useful conformations under varying force fields.
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Chapter 1

Introduction

The recent and rapid advancements in machine and deep learning have revolu-
tionized numerous fields, including but not limited to healthcare, astronomy, finance, au-
tonomous systems, etc. As these technologies become increasingly ubiquitous, their deploy-
ment in real-world applications requires careful consideration of a myriad of challenges and
subsequent design choices and solutions. Unlike controlled experimental setups, real-world
scenarios often present complex issues such as limited data availability, diverse and het-
erogeneous datasets, the presence of artifacts, and significant data imbalance. Addressing
these challenges is critical to ensuring that machine learning models are not only accurate
but also robust and generalizable in their applications. This dissertation delves into these
challenges by studying four distinct applications, each tackling issues encountered in prac-
tical deployments of deep learning. By focusing on informed design choices, the research
emphasizes the importance of tailoring solutions to the unique demands of each application.

Key areas of exploration include strategies for overcoming limited and diverse data prob-



lems, designing mechanisms to detect and mitigate the influence of artifacts, and addressing
the pervasive issue of data imbalance. These challenges, while prevalent across domains,
often require domain-specific insights and innovative methodologies to overcome effectively.

The first chapter details the work in characterizing tumor macro-features in the
radiogenomic analysis of Glioblastoma using axial FLAIR MRIs. For diseases with high
morbidity rates such as Glioblastoma Multiforme, the prognostic and treatment planning
pipeline requires a comprehensive analysis of imaging, clinical, and molecular data. Many
mutations have been shown to correlate strongly with the median survival rate and response
to therapy of patients. Studies have demonstrated that these mutations manifest as specific
visual biomarkers in tumor imaging modalities such as MRI. To minimize the number of
invasive procedures on a patient and for the overall resource optimization for the prognostic
and treatment planning process, the correlation of imaging and molecular features has
garnered much interest. This work detects and characterizes the impact of tumor biomarkers
(such as shape, texture, and location) in detecting a prognostic mutation - the concurrent
gain of 19 and 20 chromosomes, and proposes two novel ideas for this analysis. First, to
address the challenges associated with the limited, diverse, and complex nature of medical
data, this work proposes a novel generative model - the Realistic Radiogenomic Design using
Disentanglement in Generative Adversarial Networks (R2D2-GAN), designed to recreate
highly subtle, unapparent manifestations of mutations in Magnetic Resonance Imaging.
It generates high-resolution, diverse data that captures the discriminatory visual features
of the molecular markers while tackling the high diversity, unbalanced, and limited GBM

data with rare mutations correlating with patient survival such as 19/20 co-gain. Second,



this study proposes a quantitative metric called the Synthetic Image Fidelity (SIF) Score
to evaluate the performance of GANs in learning visually unapparent prognostic features
through the use of gradient-based model explanations.

The second chapter extends the radiogenomic analysis and feature characterization
to develop a novel generative model to perform computational modeling of tumor growth
properties. While the tumor mass is the most significant feature, the impacted tissue sur-
rounding the tumor is also a significant biomarker contributing to the visual manifestation
of mutations — which has not been studied as extensively. The pattern of tumor growth
impacts the surrounding tissue accordingly, which is a reflection of tumor properties as well.
Modeling how the tumor growth impacts the surrounding tissue can reveal important infor-
mation about the patterns of tumor enhancement, which in turn has significant diagnostic
and prognostic value. This work presents the first work to automate the computational
modeling of the impacted tissue surrounding the tumor using generative deep learning.
The work isolates and quantifies the impact of the Tumor Invasion (TI) on surrounding
tissue based on change in mutation status, subsequently assessing its prognostic value. Fur-
thermore, a TT Generative Adversarial Network (TI-GAN) is proposed to model the tumor
invasion properties. Extensive qualitative and quantitative analyses, cross-dataset testing,
and radiologist blind tests are carried out to demonstrate that TI-GAN can realistically
model the tumor invasion under practical challenges of medical datasets such as limited
data and high intra-class heterogeneity.

The third chapter presents a novel application of deep learning in astrobiology.

With state-of-the-art imaging and analytical tools onboard the NASA Perseverance Rover



Mission, geological information for remote astrobiological analysis is readily available and
more widespread than ever. For analysis of such data, there is a need for automated, remote
assessment tools, capable of translational and scalable research. To search for evidence of
life in the universe, one of the goals of astrobiological research, we must first recognize
robust indicators of life on Earth. One method is the study of Earth’s early fossil record,
dominated by simple organisms similar to that predicted to have existed on Mars - if life ever
did develop. We identify a potential morphological biosignature, known as double-rippled
bedforms (DRBs), from the Ediacaran Member (Rawnsley Quartzite, 550-555 Ma) of South
Australia. We utilize these DRBs to develop a new tool for astrobiological investigation via
an improved end-to-end remote, automated biosignature assessment tool, Scene-aware Per-
ception Automation using Composite Embedding for Segmentation (SPACESeg2.0). The
proposed tool accurately detects and quantitatively characterizes DRBs in imagery from
varied fields of view, with practical artifact-ridden data, even when the DRBs constitute
less than 1% of the total image. We establish the efficacy of SPACESeg2.0 in detecting
desired structures compared with other deep-learning techniques.

In the fourth chapter, we address the practical imaging challenges faced in human
recognition. Body-based Human recognition faces increased complexity due to a myriad
of challenging factors such as variations in imaging platforms, sensors, imaging distance,
changes in clothing, arbitrary human poses, occlusion and articulation of the human body,
and air turbulence. These conditions often make it difficult to discern facial features, partic-
ularly at long distances, where changes in attire also significantly contribute to recognition

errors. For videos, the commonly used features such as gait are subject to challenges such as



distortions, occlusions, and lack of frames. For images, the most commonly used RGB and
shape-based features, suffer significant drawbacks under such conditions as well. To over-
come these challenges, this work introduces two novel biometrics - a shape-based biometric
(Bskel), and a unified Outfit Regularizing Biometric (ORB). For By, this work presents the
first study that utilizes single-frame binary silhouettes and their auxiliary representations
for human recognition under extreme distortions. The proposed representation is compact,
modular, and robust to distortions, allowing for easy deployability for long-range recogni-
tion. For ORB, the biometric integrates shape, appearance, and soft biometric features
into a unified representation called the Outfit Regularizing Biometric (ORB). Through ex-
tensive experimentation, we demonstrate that the ORB representation effectively addresses
some of the most significant obstacles in human recognition. We report our findings using
the rigorous evaluation protocols of the BRIAR datasets (Phase 1 and 2), alongside widely
used clothes-changing datasets such as PRCC, VC-Clothes, and Celeb-RelD. Our analysis
using the BRIAR dataset enables us to isolate and examine the impact of various artifacts,
including changes in clothing, environmental conditions, and varying imaging distances.
We achieve superior performance by employing the ORB representation, in combination
with appearance and shape-based features, and leveraging a transformer-based backbone
(TransFuse) across different challenging scenarios, consistently outperforming traditional
RGB-based systems, delivering nearly a 15% improvement in accuracy.

The fifth chapter discusses the applicability of generative models in synthesiz-
ing full-atom 3D protein structures. Proteins exhibit dynamic conformational ensembles

that are critical for their biological function. Intrinsically disordered proteins (IDPs), such



as amyloid-beta 42 (AfB42), present a particular challenge due to their transient but sta-
ble conformations, which are often implicated in disease-related processes like aggregation.
Understanding and sampling these ensembles remains a significant experimental and com-
putational challenge. In this work, we introduce a novel generative framework, ProFormX,
which combines principles from Autoencoders (AE), Variational Autoencoders (VAEs), and
Generative Adversarial Networks (GANSs) to explore the conformational landscape of A[342.
Our model incorporates a novel sampling technique that enhances the generation of diverse
and biologically relevant conformations. By leveraging molecular dynamics (MD) simula-
tion data, the model learns the latent conformational space of A542, enabling the generation
of novel synthetic structures with sophisticated backbone and sidechain arrangements. The
application of this method to the highly dynamic AB342 monomer revealed conformational
clusters distinct from the ones seen in training data, providing insights into its aggregation-
prone states and potential regulatory mechanisms. The generated synthetic conformations
also uncovered distinct structural features that have been shown to be biologically rele-
vant. The proposed framework is highly transferable and can be applied to diverse protein
systems, making it a powerful tool for studying protein conformational dynamics. The pro-
posed sampling technique can be used with any type of generative model, making it highly
generalizable as well. This work underscores the potential of deep learning in advancing
protein design and offers a robust approach for generating biologically significant protein

conformations with direct relevance to therapeutic development.



Chapter 2

Radiogenomic Feature

Characterization in Glioblastoma

MRI using GANSs

2.1 Introduction

Glioblastoma Multiforme (GBM) is a common and aggressive form of malignant
brain tumor in adults. A comprehensive assessment of GBM typically involves a combi-
nation of clinical, genomic, and multi-modal imaging data. While Magnetic Resonance
Imaging (MRI) is often the first step and gold standard in the diagnosis of brain tumors,
gene sequencing tests are the most trusted and accurate in detecting mutations that cor-
relate with patient prognosis and response to therapy [278]. The field of individualized

therapies targets these anomalies to optimize response and patient survival, but tumor het-



erogeneity presents many roadblocks. The World Health Organization (WHO) emphasizes
molecular indicators in deciding the prognosis and response to therapy of GBM [290]. These
indicators include rare mutations such as the concurrent gain of 19/20 chromosomes, which
correlate with the median survival of the patient. However, not only does molecular testing
have limited availability and is expensive, but also invasive, non-localized biopsies could
give incorrect assessments due to tumor under-sampling while levying a resource overhead.
Compounding this with the increasing number of cases, limited clinical resources and exper-
tise, external factors, processing times, human errors, etc., this task becomes more difficult.
These factors can delay the treatment planning process. On the other hand, MRI data
is easily available since it is often the first step of diagnosis. It is also non-invasive and
provides a complete view of the tumor.

To reduce the number of invasive procedures that a patient undergoes, as well as
to optimize the time, expense, and other resources involved in the assessment process, it is
highly desirable to have automated techniques that can model and detect the mutations cor-
responding to prognosis and response to therapy from only imaging data. Radiogenomics,
the study of correlating imaging and molecular features of a tumor, is therefore, garnering
much attention, due to its potential to streamline the prognostic and treatment planning
pipeline [336]. A molecular aberration (or mutation) affects tumor biology and its radio-
logical appearance. This change in the appearance of the tumor mass and brain tissue due
to a change in mutation status is indicative of the radiogenomic features. Therefore, the
tumor mass properties such as the tumor’s shape, enhancement, necrosis, edema, location,

laterality, etc. are considered the most significant in radiogenomics [20, 112, 134]. From an



automated radiogenomic analysis point-of-view, these translate to image analysis features
such as tumor shape, texture, location, and the tumor microenvironment. This work is
organized from the perspective of analyzing these features. We isolate and quantify the
impact of each of these features on the mutation status. Furthermore, we assess the repro-
ducibility of the shape, texture, and location features. GBM, being a strongly infiltrative
tumor, has a complex tumor microenvironment [385]. While some efforts have been made
to model it mathematically [470, 230], further investigation is required. Specifically, its
automated modeling is largely an unexplored area of research. Therefore, we only isolate
and quantify the impact of the tumor microenvironment to understand its radiogenomic
contribution, and its reproducibility study is reported in the next chapter.

GANs in Medical Imaging: Due to their versatile utility, Generative Adversarial Net-
works (GANSs) have been popular in developing automated digital radiomics tasks such as
segmentation, data augmentation, enhancement, etc., and there is now an interest in au-
tomating radiogenomic tasks using GANs. From a computational point of view, a GAN
must be able to successfully handle some of the most important issues of medical data like
tumor heterogeneity, lack of data, data imbalance, etc. Medical data are often restricted
and controlled in their distribution. They are also uncurated, meaning getting properly
annotated images for training by using automated tools is difficult. With limited, highly
heterogeneous data like GBM, we show that these models face mode collapse or generate
low-quality and/or artifact-ridden image samples. The visual manifestation of a tumor is of-
ten unapparent, and therefore, it involves a complex feature space. It is not always viable to

exactly quantify the features and the relations among them or to reach a scalable, replicable



consensus over a complete set of factors. Thus, there is a need to develop automated tools
that can model the desired visually unapparent biomarkers from limited and/or unbalanced
data, while maintaining the realism, quality, and diversity of the original dataset. Thus, we
propose R2D2-GAN (Realistic Radiogenomic Design using Disentanglement in GAN).

Utility of R2D2-GAN: R2D2-GAN uses disentanglement and semi-deterministic sam-
pling to reproduce the shape and texture of the visual mutation manifestation. It gen-
erates diverse, realistic, and high-quality samples of tumors that reflect the unapparent
radiogenomic features while tackling the issues of limited, unbalanced, and heterogeneous
training data. The purpose of disentanglement is two-fold: firstly, to isolate and quantify
the impact of the individual features in determining mutation status - allowing for inter-
pretability [204]. Secondly, learning statistical models of disentangled features allows us to
generate high-quality synthetic brain tumor slices even when the training set is incredibly
diverse and contains as few as 80 images. In this work, we establish the qualitative and
quantitative impact of disentanglement in radiogenomic modeling while tackling the most
common issues of medical data. We perform extensive multi-metric analysis, use multiple
datasets, and carry out (condition adherence) testing on downstream tasks to evaluate the
reliability of synthetic features. To further demonstrate the significance of the proposed
model on limited and highly unbalanced data, we evaluate it on the rarer mutation - 19/20
co-gain. Such an approach can further be utilized to study other rare mutations in GBM as
well as tumors of other organs. The proposed R2D2-GAN can not only be used for radio-
genomic modeling, but also for other tasks such as data augmentation, data anonymization,

disease progression modeling, and more.
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(f)

Figure 2.1: Disentanglement of various macro features in a brain scan. (a) Whole scan image
(WSI), (b) WSI showing tumor boundary (visual only, not a separate representation), (c)
Tumor shape + texture + location (Shp + Tex + Loc), (d) Tumor shape + texture 4+ tumor
microenvironment (Shp + Tex + TME), (e) Delineated tumor mass (Shp + Tex), and (f)
Binarized tumor mass (Shp).

Model Explanation-based GAN Metric: In this work, we also propose the use of model
explanations in evaluating the efficacy of a GAN. While many latest GANs can visually gen-
erate similar images, many factors need to be considered in deciding if the desired features
are being reproduced. This is particularly important in medical applications of Artificial In-
telligence (AI), where the “desired” features often correspond to critical information such as
the accurate diagnosis and survival analysis of a patient. When data to the GAN is limited
and highly heterogeneous, some GANs may produce good-quality images, but they may suf-
fer from a lack of diversity in their output. On the other hand, some GANs may accurately
capture the diversity of data, but fall short of reproducing the desired resolution that can
capture prognostic or diagnostic information. Current GAN evaluation metrics are sensitive
to challenges such as mode collapse [34]. We, therefore, utilize gradient-based model visu-
alization techniques and quantify the similarity in their activation maps for classification
using real vs synthetic data. The extent of similarity of features between the activation
maps provides crucial information regarding how effective the GANs are at learning unap-
parent features, such as cases in which the model may predict the right class outcome but

at the expense of learning the wrong features. These may be significant not only in medical
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tasks but other tasks that require a high extent of data fidelity. This metric also helps in

identifying the failure cases of GAN-based generation.

2.2 Related Work and Contributions

2.2.1 Related Work

Radiogenomics: Researchers have conducted radiogenomic analysis of GBM using various
imaging modalities [250, 331, 65]. Some developed models for the more common mutations
IDH1 and MGMT methylation [331, 53]. 19/20 co-gain, among others, is a rarer mutation
— yet important. Its rarity makes it more difficult to analyze. Techniques that address such
mutations [204, 205] pave a path to study other rare mutations, in achieving a comprehen-
sive assessment of any cancer. Furthermore, the majority of research focuses on mutation
detection [194]. While significant, it is crucial for clinical settings that mutations not only
be detected, but also their discriminatory feature space be interpretable. Additionally,
for strongly infiltrative tumors such as GBM, any tumor analysis must include the tumor
microenvironment, which has been shown to be a significant biomarker [230].

Generative Deep Learning in Medical Imaging: Generative models have gained pop-
ularity in medical image analysis due to their applications in tasks like data augmenta-
tion [299], image enhancement [156], segmentation [244], and more [511, 72]. Recently,
some researchers have also performed GAN-based radiogenomic analysis [478, 186, 204, 205].
Some of the most common GANs [8, 421] used in medical images for single modality syn-
thesis are DCGAN [351], WGAN-GP [453], PGGAN [149, 151], and MSG-GAN [81]. Some

recent models such as StyleGAN2 [214] are also known for their high-quality synthesis. Due
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to the unapparent discriminatory feature set and limited, heterogeneous, and unbalanced
data, GANs that generate whole-brain images face challenges such as mode collapse and lack
of quality. Additionally, since GANs learn from the underlying distribution, there can be a
trade-off between the realism of generated images vs. the diversity [388]. To tackle these
issues and generate desired high-resolution, realistic, and diverse images, some works have
explored generating tumors separately [478, 204, 205]. Recently, diffusion models [170, 219]
have risen in popularity due to their strong generative properties. They are capable of
generating high-quality images while tackling mode collapse. However, it has been shown
that diffusion models have slow sampling, and have high data requirements [219]. This may

cause a bottleneck for limited and diverse datasets such as ours.

GAN Ewvaluation Techniques: Among the most common metrics for evaluating GANs
are the Fréchet Inception Distance (FID) score [167] and the Inception Score (IS) [19].
These metrics compute the diversity and quality of GAN image generation. Another metric
not as frequently used is the Adversarial Accuracy (AA) [482]. This metric compares the
accuracy of classifiers trained on real data versus synthetic data. These metrics have been
shown to have a few drawbacks [34] such as limited data size or mode collapse. Another
concern with fidelity measures is that they measure realism compared with the closest real
sample. A small difference between a real and synthetic sample does not necessarily mean
that the generated sample is better, and such a metric is also at odds with computing
diversity. A GAN could generate realistic diverse images that are very different from the
real set, and that would result in a lower metric for that GAN. There is currently no metric

that can establish the extent of “correct” features being learned by a GAN. Interpreting
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deep learning models has been an active field of research in the past few years, with many
models being proposed that interpret the network outcomes. In high-stakes tasks such as
medical imaging [35, 440], a lot of research has been directed towards understanding why
models make certain decisions and how. With an increasing number of generative models
in medical imaging, it becomes crucial to effectively evaluate the reliability of GANs in
tasks with critical outcomes. To that end, we propose a measure of how similar the features
behind model predictions are for classifiers trained on real and synthetic data, as opposed to
just predictions. In other words, we measure the extent of similarity in the features learned

by real data and synthetic data using model explanations.

2.2.2 Contributions

e The proposed research characterizes and quantifies the visual correlation between
tumor macro-features and the presence of prognostic mutations. It includes the effects
from lesser-analyzed features such as the tumor microenvironment. To the best of our
knowledge, this is the first research of its kind that quantifies the visual correlation

and features from the tumor microenvironment.

e The proposed R2D2-GAN assesses the reproducibility of tumor shape and texture
features and incorporates a novel semi-deterministic sampling and an enhanced train-
ing protocol for increased robustness. This ensures diversity in tumor generation and
improves the overall quality and realism of the generated tumor mass while tack-
ling the significant problems associated with practical datasets such as limited data,

data imbalance, and intra-class heterogeneity to learn visually unapparent features.
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We conduct experiments on multiple datasets and report performance with extensive
qualitative and quantitative metrics for evaluating the quality, realism, and diversity
of generated tumors. We also compare our results with state-of-the-art generative

models and outperform them.

e The proposed novel metric Synthetic Image Fidelity (SIF) evaluates the performance
of GANs. It quantifies the extent to which a GAN learns the same features as real
data when predicting the same sample. For our task, this metric measures how much a
GAN can reproduce unapparent visual biomarkers that contribute towards the overall
prognosis. We believe this is an important measure for high-stakes, high-fidelity tasks
such as medical imaging, and to the best of our knowledge, this is the first metric of

its kind.

2.3 Technical Approach

2.3.1 Quantification of Tumor Macro-Features

The tumor mass is the most significant in its contribution to the visual man-
ifestation of the mutation. Previous work [204, 205] has established the existence of a
discriminatory feature space in MRI data in detecting the mutation status and quantified
the importance of some tumor macro-features. However, a significant biomarker of high
clinical importance is the tumor microenvironment, which has not been widely studied in
machine learning. In this work, we extend the analysis to the tumor microenvironment in

detecting mutation status. The features considered are as shown in Figure 2.1.
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Figure 2.2: Overview of R2D2-GAN. It generates a tumor crop after learning from the
shape and texture of a real tumor.

2.3.2 Realistic Radiogenomic Design using Disentanglement in GAN

To study the reproducibility of shape and texture features, we propose R2D2-GAN.
Generative models create synthetic images from the underlying statistics of the data. Thus,
typically, more data trains a better model. This is a challenge for medical data because of
the limited data size, restrictive nature of the data, non-uniform collection protocols, limited
access to annotated data, etc. Most proposed approaches aim to synthesize the whole MRI
scan at once. This is undesirable for two reasons. The first is that the tumor resolution is
compromised, as GANs have limited capability for generating high-resolution images [213].
Specifically for radiogenomic tasks such as ours, the tumor features must be generated at
high resolution and with finesse. The second is that most GANs that generate whole images
have an inherent feature entanglement that causes the model to lose the capability to learn
specific features [441]. R2D2-GAN, as shown in Figure 2.2, involves disentanglement and

subsequent generation of the tumor shape and texture, allowing us to increase the apparent
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size of the dataset by disentangling and semi-deterministic sampling. This is an effective
way to learn from limited training data and provides a lot of control over the diversity of
output via individualized re-sampling. The framework of R2D2-GAN is shown in Figure 2.2.
We first describe the problem formulation, and methodology to provide technical details.

Problem Statement: Given a tumor crop sample (X), the goal of R2D2-GAN is to
generate a synthetic tumor (Y). First, real tumors are disentangled into two channels -
the shape (a) and the texture (8). The shape and texture features (X,) and (Xg) are
generated using soft binary thresholding (BT(.)) and Gabor CNN (G(.)), respectively as

shown in Eq. (2.1a).

Xo =BT(Xp) Xp =G(X) (2.1a)
Z ={Za, Zﬂ} = {}—(Xa)a]:(Xﬁ)} (2.1b)
Y=G(2) Y,=BTY) Ys=G() (2.1c)

X, and Xg are cast onto the latent space for encoding using F, resulting in Z,
and Zg. A multiplexed latent space sampling protocol is employed that samples from the
latent shape (Z,) and texture (Z3) subspaces to generate a semi-deterministic input (2). Z
is the input to the generator (G) which outputs the synthetic tumor crop Y (Eq. (2.1b, c)).
Methodology: To generate synthetic tumors, R2D2-GAN performs feature disentangle-
ment followed by semi-determinstic re-sampling. As shown in Figure 2.2, the model extracts
the shape and texture of the tumor, X, and Xg, respectively. The shape representation is
achieved using soft binary thresholding. For the texture representation, we employ Gabor

CNNs (GCNNs) [277], which are designed with an inductive bias that ensures a texture
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representation of the output. In addition to GCNNs having superior texture learning ca-
pabilities, the steerable and scalable kernels of GCNN have pre-defined orientations and
scales, reducing the number of learnable parameters. The Gabor orientation Filter (GoF)
equations are standard and the back-propagation happens only through filter coefficients -
as in any CNN, making the GCNN trainable. We use the constraints as in [204] to steer

the GCNN using GoF equations (Eq (2.2)).
g(u,v|f,w,0,0) = exp( — %ﬂ )cos(27rfu +6) (2.2)

where z and y are spatial positions, w is the orientation of the filters, ¢ is the phase-shift,
U = xcosw + ystnw and v = —xsinw + ycosw, o, and o, are the spread of the filters and f

is the frequency of the sinusoid.

Semi-deterministic sampling: To encode the shape and texture features, we employ two

linear layers followed by ReLU activation. The encoding layers are collectively represented
as F. Appropriate noise is added to each of the channels (denoted by N, and Ng) and the
input to JF is obtained via semi-deterministic sampling. This means that if the proportion
of noise in the input is n, then the proportion of data is (1-n). Since the shape is binary,
we randomly sample values from [0, 1] to add as noise (salt and pepper noise). For the
texture, we add standard Gaussian noise (mean=0, std=1). The encoded Z, and Z3 are the
distributions from which the Generator picks its seed latent vector (Z). Due to the limited
nature of our data, we want to ensure maximum diversity and quality of the generated
tumors. To this end, we randomly vary the extent of noise added to each channel. The

network randomly switches between varying extents of real input and noisy input, making
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it a semi-deterministic sampling. Parallels can also be drawn that the sampling in this
network lies between the Autoencoder (AE) and standard GAN, and this is done to tackle
issues such as mode collapse and limited training samples. This makes the tumor generation
robust to the issues of the dataset while generating high-quality diverse images. Let the
weights for noise be added to shape and texture by «, and (3,, respectively. The latent

space representation will be obtained as:

Zo =F[(1 = an)Xa + anNg] (2.3a)
Zg = F[(1 = Bn)Xp + BuNs] (2.3b)

where Z,/Zg are the latent space representations of shape/texture, a, /3, are the weights

for shape/texture noise (changes randomly for robust training), F denotes the encoding
layers, X,/Xp are input shape/texture, N, /N3 are shape/texture noise.

Since the sampling is semi-deterministic, the loss function should reflect that. For
a system with generalized input a¢ and output b, if the sampling is done entirely from real
data (areqr), the network acts like an AE and is trained using a reconstruction loss like
Mean Squared Error (MSE) loss (Eq (2.4a)). If the samples are completely noisy (anoise),
the network acts as a GAN and loss is Binary Cross-Entropy (BCE) loss (Eq (2.4b)). For

a generic multiplexed system, the loss term adapts between these two extremes (Eq (2.5)).

'Cawp(real) : Earwpmal(a) |:‘ |areal - b| ‘2] (243)

Lorpinoise) : Bamppor(a) [log <1 - D(g(amise))ﬂ (2.4b)
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[:D =nX £afvp(noise) + (1 - n) X £a~p(7”eal) (25)

where n is fraction of noise, L, p(rea) 18 generalized reconstruction (L2 Loss) given real

arp
input, Lop(noise) 15 generalized adversarial loss given noisy input.

Translating this to our system, the overall loss function is the combined loss from
the shape and texture channels and the loss from the discriminator (Figure 2.2). We ob-
served that employing three discriminators made the model unstable, and therefore, we use
a regular discriminator for our output channel and leverage the encoding layers F to com-
pute the KL divergence loss between the generated vs real feature for the shape and texture
channels. At the core of it, encoding layers followed by KL divergence loss achieves a very
similar effect as a discriminator, without the instability caused by more training parameters.
Since our model also trains a GCNN simultaneously, it is prone to instability. Wasserstein
GANs (WGANSs) have been shown to add stability to the GAN training [15] via a Lipschitz
constraint, which enforces maximum gradient on the discriminator for improved generator
training. This can sometimes result in overshoot, which is an instability in itself. Thus,
we apply gradient penalty function to the network [143] to improve stability. This modifies
the generalized discriminator loss in Eq (2.5) to the one shown in Eq (2.6). Substituting

discriminator loss with KL divergence loss for each of the shape and texture channels gives

us Eq (2.7) and (2.8) respectively.

Lp=nx (EMY {D(Y)} —Exepy [D(X)}
+ Egp [IV5DE)]l2] )

4 (1—n) x Expy [HX _ Y||2} (2.6)
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Lo = o x (Dru(F(Ya) IF(Xa)))

+ (1= 10) X Exynpy, || Xa = Yalle] (2.7)

L5 = ng x (DKo (F(V5)|IF(X5)))

+ (1 =) X Exyupy, [|1X5 = Yalle] (2:8)

where encoding layers are denoted by F, generated tumor Y is G(Z), (Z) is the multiplexed
latent vector computed in Eq (2.3), Y, /Y3 are shape/texture features of Y,

X terms are the weighted average between real and synthetic images (subscript «
for shape and j for texture), n, and ng are weights of noise added to respective channel
and n is the average of the two, G is the Generator, Lp is overall multiplexed loss, £, and
Lg are the multiplexed shape and texture losses, respectively. The overall loss function of
the model will thus be:

L=Lp+05x% (Lo+Ls) (2.9)

2.3.3 Synthetic Image Fidelity (SIF) Metric

The hypothesis for developing SIF is that many GANs may generate similar-
looking features or images, resulting in high Fréchet Inception Distance (FID) or Inception
scores. However, it has been shown in the literature that these metrics are not always
robust [34]. FID score measures the fidelity and diversity of synthetic data but is sensi-
tive to sample size and uses limited statistics [34]. IS, on the other hand, is sensitive to

mode collapse [34]. Additionally, both FID and IS lump quality and diversity into a single
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metric which may be ineffective in computing either. AA compares the accuracy of clas-
sifiers trained on real and GAN data on a test set, but this does not confirm whether the
GAN-trained classifier is simply predicting the right samples or if it is actually learning the
correct features. In other words, if GANs generate a few images that look like real data,
they can have good quantitative metrics. However, they may not adequately learn the com-
plex feature associations for the whole dataset. This is particularly a key aspect for limited
and heterogeneous data applications such as ours. The visual biomarkers of mutation may
need insights from all data points at high resolution to be able to model appropriate feature
associations that reflect the presence or absence of mutations. Failure to capture either the
high level of detail in any image or the extent of heterogeneity or diversity in the dataset
will lead to incorrect features being emphasized during synthesis.

The proposed SIF Metric utilizes model interpretability tools to compute the ex-
tent of similarity between decisions made by classifiers trained on real and synthetic data.
A model such as GradCAM reflects the magnitude of gradient backpropagation, which
strongly correlates with the features that the classifier has used to predict the mutation sta-
tus [380]. SIF aims to compare the extent of similarity between the features being learned
between real and synthetic data. In essence, SIF investigates how closely the underlying sta-
tistical features learned from synthetic data mirror those learned from real data. Therefore,
if synthetic data considers the same features during classification as real data, it indicates
that the generative model has performed comprehensive mode coverage and effective learn-
ing of the diverse yet sparse input distribution of real data. For example, if a GAN fails

to capture the data heterogeneity, then during classification, it will have learned feature
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associations from a limited subset than what the real data represents. This will be reflected
in the visualization of output images when it highlights regions different from what the real
data model does. Similarly, if the GAN fails to capture data quality, it may not generate
images that accurately represent the finer details such as a necrotic core, for example. This
could be the difference in the presence or absence of a mutation, since a more pronounced
necrotic core can reflect the presence of 19/20 co-gain, i.e., better prognosis of a patient.
This analysis serves as a qualitative assessment of the efficacy of a GAN in learning highly

unapparent yet critical feature associations.
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Real Data GradCAM output |
__________ > o o o
(Rara) :
1
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Test Sample (T) and
Binarize*
Synthetic GradCAM output
Data (Sy,a) -
dara GradCAM Colormap
| .|
Syis) 0 1
Classmer S,

Figure 2.3: Pipeline to compute the Synthetic Image Fidelity Metric. The process from (*)
onwards is separately done for each of the R, G, and B channels — then aggregated to obtain
the SIF score. R1 and S1 are shown here for the Red (first) channel. For the GradCam
heatmap, the redder color implies a higher significance of that feature, and bluer is less.

To compute this metric, we train two classifiers, one on GAN-generated data (.S.)
and one on real data (R.), as shown in Figure 2.3. Both classifiers are used to classify real
samples (7). Then, a gradient-based visualization model (here, GradCAM [380]) is used

to visualize which features of the real data get activated during classification using the real
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classifier and the GAN classifier. We binarize the heatmaps from GradCAM for each of the
channels of RGB. The threshold for binarization is computed using Otsu’s method [325].
These binary heatmaps are then subjected to an “AND” operation and an “OR” operation.
The ratio is an Intersection over Union (IoU)-like metric that reports the extent of similarity
for each channel. The more similar these heatmaps from GradCAM are, the more effective
a GAN is at learning desired features. The three similarity measures are then aggregated
to obtain SIF. It is to be noted that the heatmap could be binarized without splitting into
R, G, and B channels. However, the color on the regions highlighted by GradCAM carries
meaning on how significant a feature is (Ref. Figure 2.3). The redder a region is, the more
significant it is for prediction. The bluer regions carry less significance. Binarizing all three
channels at once compresses all three channels into one, thereby losing this information.
Consequently, by not isolating the channels, SIF can only capture if the GAN data can
capture similar features, but not how significant the features are according to the GAN.
Thus, we isolate and later aggregate the channels to make SIF a stronger, more holistic
metric. The algorithm for SIF computation is provided in Algorithm 1. We also note an
added benefit of SIF is that it can help identify failure cases in any GAN for its analysis. If
a sample has low SIF, it means that even if it looks real, the sample has not captured the
discriminatory features of that image class. Since it is an IoU-based metric, SIF always lies

between 0 to 1, and the higher the value, the better the GAN.
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Algorithm 1 Algorithm for SIF Computation

Input: Real image test sample (T in Figure 2.3)

Output: SIF score

Step 1: Train classifier R. on real data, and classifier S, using synthetic data (Figure 2.3)
Step 2: Use the trained classifiers to test a real sample T'

Step 3: Perform GradCAM computation to obtain heatmaps R,;s and Sy;s corresponding
to T using classifiers R, and S, respectively

Step 4: Get bare heatmaps using R,;s — T and R,;s — T (remove tumor)

Step 5: For each channel (Red, Green, and Blue) of image’s bare heatmaps, binarize them
using Otsu’s method to compute the binarization threshold to obtain R; and S; (for red
channel), Ry and Sy (for green channel), and R3 and S (for blue channel)

Step 6: Compute a component of SIF metric for each channel via SIF;, =
> (RiNS;)/ 3 (R US)

Step 7: SIFp = (SIFl + SIFy + S[Fg)/3

Step 8: Repeat this for all images in the testing set, and aggregate them to find SIF

2.4 Experiments and Results

2.4.1 Description of Datasets

We report our results on two datasets, a dataset collected at Emory University
(Dataset A) and the publicly available The Cancer Imaging Archive Glioblastoma (TCIA-
GBM) [71] Dataset (Dataset B). The use of human data in Dataset A was approved by
the Institutional Review Board (IRB) of Emory University, Protocol #95120. Dataset
A is very limited and diverse whereas Dataset B is highly imbalanced. The evaluation of
Dataset A highlights the effectiveness of R2D2-GAN in learning discriminative features from
limited data, whereas, the evaluation of Dataset B demonstrates its utility in combating
data imbalance. Both datasets exhibit high intra-class diversity and tumor heterogeneity.
Together, they represent common, critical issues faced by real-world medical data.

Dataset A. Dataset A contains FLAIR MRI for 25 patients with known mutation

status. This cohort has 14 control and 11 mutated patients. The control class has cases
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without 19/20 co-gain and mutated class, with co-gain. Both classes have about 100-130
images each with a tumor, making it a limited dataset.

Dataset B. The public Dataset B (TCIA-GBM) has a cohort of 164 patients with
FLAIR MR images, divided into 133 control and 31 mutated patients. The corresponding
molecular data for all patients were obtained from The Cancer Genome Archive (TCGA)
website [430]. Extracting the 19/20 co-gain status was done by taking gistic data and
thresholding for each arm of the chromosome, and then checking if >25% of the genes are

duplicated on both the long and short arms of chromosomes 19 and 20 [204].

2.4.2 Experimental Setup

To characterize the features, we perform mutation classification for both datasets
using the representations shown in Figure 2.1. A quantitative comparison shows the im-
pact of each feature. To analyze the location feature, we plot tumor distribution along
the axial, coronal, and sagittal planes for both classes of both the datasets. For shape
and texture, we report qualitative and quantitative evaluations of R2D2-GAN and compare
them with other generative models. While some radiogenomic GAN works [204, 205] are
included in the comparison, some [478, 407] are not included as their code-base are un-
available. We extend our analysis to the state-of-the-art image generation models such as
StyleGAN2 [214], BigGAN [39], and Denoising Diffusion Probability Model (DDPM) [170].
In our experiments, BigGAN had trouble converging on the limited Dataset A. StyleGAN2
is more appropriate for our analysis since it uses the disentanglement principle as well.
Most medical imaging tasks use some version of DCGAN [351, 148], WGAN or WGAN-

GP [148, 233, 453], PGGAN [149, 152, 151] or MSG-GAN [81]. We report a comparison
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with DDPM, StyleGAN2, MSG-GAN, FeaD-GAN, and SAGE in our results. Among these,
SAGE is a disentanglement-based multi-step approach, while FeaD-GAN and StyleGAN2
are disentanglement-based single-step GANs. MSG-GAN is a single-step GAN without dis-
entanglement. While single-step GANs are easier to train, training them on limited and
heterogeneous data leads to mode collapse, under-learning, low-quality, or artifact-ridden
synthesis. We demonstrate via extensive qualitative and quantitative results that they are
an oversimplification of the task at hand. Multi-step GANs such as SAGE require more
setup and longer training. Thus, comparing these models emphasizes the importance of the
disentanglement and improved sampling and training protocol in R2D2-GAN. While DDPM
outperforms most of the comparative GANSs, we note that for limited and diverse datasets,
R2D2-GAN has the most consistent performance, outperforming DDPM for most metrics.
Furthermore, each image using DDPM takes almost 20X longer to generate as compared to
R2D2-GAN (>17s vs <1s). Based on their reference models in medical imaging tasks, we
performed fine-tuning of MSG-GAN [81] to perform better with our data. StyleGAN2 was
used as is, by reducing augmentation probability to 0.25 as suggested in [214] when dealing
with limited data. For DDPM, we use Algorithm 1 as proposed in [170].

The desired features of a radiogenomic GAN are that the generated images be high
quality, diverse, realistic, and replicate the (visually unapparent) discriminatory feature
set. We report quantitative results demonstrating all of these properties of R2D2-GAN
compared with other models. We report qualitative results evaluating the quality, diversity,

and realism of R2D2-GAN compared with other models.
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Figure 2.4: Characterizing tumor manifestation in the brain using the distribution of tumor
location along the axial, coronal, and sagittal planes conditioned upon mutation status for
both datasets. Each color corresponds to a different patient.
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Figure 2.5: Generated Image Quality of R2D2-GAN (vs real data and other models) for
Datasets A and B for both classes. We see that most models, including DDPM, suffer from
a lack of detail in some tumors in each class. Real (green, solid) vs [a] MSG-GAN (orange,
short-dashed), [b] SAGE (dark yellow/long-dashed), [c] FeaD-GAN (purple, dot-dash), [d]
StyleGAN2 (red, dot-dot-dash), [e] DDPM (blue, dashed), [f] R2D2-GAN (green, dotted).
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2.4.3 Results: Quantification of Macro-features

We report classification performance in detecting mutations for various feature
representations (shown in Figure 2.1) in Table 2.1. Here, accuracy (ACC) is the proportion
of total correct predictions, sensitivity (SENS) is the true positive rate, specificity (SPEC)
is the true negative rate, dice score (DICE) is the harmonic mean of precision (proportion
of true positives over all the positives), and recall (sensitivity). We note that the inclusion
of each of these macro-features augments the overall classification performance, thus indi-
cating their impact on the visual manifestation of the mutation. We note that the newly
included tumor microenvironment is indeed a significant biomarker in itself, as it improves
the classification performance by at least 3% for both datasets. We note that the location
feature is also a significant biomarker. Towards characterizing the location feature, we plot
the locations of control and mutated tumors for both datasets in Figure 2.4. We see that
there is a notable difference in where the tumor is localized based on the presence or ab-
sence of mutation. This variation manifests more strongly in the axial view but shows some
difference in the other views as well. One of the factors this can affect is how easily a tumor
can be surgically resected, which subsequently impacts the overall survival of the patient.
For the mutated tumors, which correlate positively with median survival, we note that the
tumors tend to be less internal to the overall brain structure. In other words, many tumors

appear to be more easily accessible.
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2.4.4 Results: Qualitative Evaluation

Generated Image Quality

Figure 2.5 shows a comparison of the images generated by R2D2-GAN vs other
GANSs and includes the real data as reference for Dataset A and B, respectively. This
serves as a visual demonstration of the efficacy of R2D2-GAN in learning the underlying
data distribution of the mutation biomarkers. We note from the results of Dataset A
particularly, which is a very limited dataset, that R2D2-GAN generates the desired features
accurately. MSG-GAN performance gets better for larger sets of data such as the Control
group of Dataset B, but has a persistent checkered artifact for others, which affects the tumor
texture and possibly any mutation biomarkers. DDPM outperforms all these models, but
loses some detail (Figure 2.5) or has a blurriness issue (Figure 2.6). Some example images
of heterogeneous tumors are shown in Figure 2.6 for a detailed analysis. These magnified
images clearly show the checkered artifacts in MSG-GAN (images 3 and 4), sharpness
artifacts in SAGE (arrows in Images 1, 3, and 4), and loss of detail in StyleGAN2 (Images
2, 3, 4). For DDPM, we see a blurriness issue in all images, specifically images 2 and 4.
We note that for all images, R2D2-GAN overcomes the persistent blurriness problem of
FeaD-GAN. An interesting example is Image 2, which seems low in detail but has a lot of

minute details in its texture, which is captured accurately only by R2D2-GAN.
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Real R2D2-GAN DDPM StyleGAN2 FeaD-GAN SAGE MSG-GAN

Image 3 Image 2 Image 1

Image 4

Figure 2.6: Mangified examples of generated images from all GANs. Real: Solid/green,
R2D2-GAN: green/dotted, DDPM: blue/dashed, StyleGAN2: red/dot-dot-dash, FeaD-
GAN: purple/dot-dash, SAGE: dark yellow/long-dashed, MSG-GAN: orange/short-dashed.
These magnified images clearly show the sharpness artifacts in SAGE (orange arrows in
Images 1, 3, 4), loss of detail in StyleGAN2 (Images 2, 3, 4), and checkered artifacts in
MSG-GAN (images 3 and 4). We note some blurring in DDPM (Images 2 and 4). We note
that for all images, R2D2-GAN overcomes the persistent blurriness problem of FeaD-GAN.
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R2D2-GAN DDPM StyleGAN2 MSG-GAN

Dataset A: Mutated Dataset A: Control

Dataset B: Control

Dataset B: Mutated

Figure 2.7: Diversity of images generated by R2D2-GAN using Dataset B (vs DDPM,
StyleGAN2, and MSG-GAN). Best viewed zoomed in. MSG-GAN shows high-frequency
artifacts and a lack of tumor details. StyleGAN2 has better quality but lower diversity.
DDPM has some diversity but also has some very bright or very dark images generated due
to instability in training. R2D2-GAN: green/dotted, DDPM: blue/dashed, StyleGAN2:
red/dot-dot-dash, MSG-GAN: orange/short-dashed.
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Figure 2.8: Visualizing GradCAM outputs in the computation of SIF score. Similar activa-
tion maps demonstrate a GAN’s ability to learn high-level complex feature associations that
correlate with the unapparent visual manifestations of the presence or absence of a muta-
tion. We note that R2D2-GAN highlights similar regions as real data, thereby establishing
its efficacy in learning crucial features. Colorbar for heatmaps is provided in Figure 2.3.
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Diversity of Generated Images

We compare the diversity of R2D2-GAN generated images with images generated
by single-step GANs (MSG-GAN, and StyleGAN2) and DDPM in Figure 2.7. We show that
compared to R2D2-GAN, there is a trade-off in other GANSs between quality and diversity.
It also represents the robustness of R2D2-GAN as compared to other GANs to survive
mode collapse. For the limited yet highly diverse Dataset A, we note that StyleGAN2 has
fair quality but a lack of diversity, and MSG-GAN has a lack of diversity and quality. In
terms of mode coverage and diverse generation of images, while DDPM outperforms most
of the other GANS, it sometimes ends up generating too bright or completely dark tumors
due to instability in training. With increasing data size (Dataset B), DDPM, StyleGAN2,
and MSG-GAN show a performance improvement, but have similar concerns. It is to be
noted that R2D2-GAN effectively tackles mode collapse while maintaining image quality

and diversity for both datasets.

2.4.5 Results: Quantitative Evaluation

Image Quality and Diversity Metrics

We report the Fréchet Inception Distance (FID) score [167], modified Inception
Score (mIS), and the proposed SIF score to evaluate generated images. These results are
reported in Table 2.2. FID score represents the feature distance between real and generated
images and measures synthetic image quality and diversity. It is also shown to be robust to
many common image perturbations and can detect mode collapse and intra-class diversity,

making it highly useful to our task. Lower FID indicates a better model. However, a
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drawback of FID is that it cannot correctly estimate when the sample size is limited. IS [19]
is a measure of image quality and diversity, whose value lies between 1 and the number of
classes (here, 2). Higher IS represents better performance. Unlike traditional IS, which
uses ImageNet weights, we report modified IS (mIS) by finetuning the last few layers of the
Inception model for 10 epochs before computing IS to address the properties of the data.
A drawback of IS/mlS is that it is sensitive to mode collapse. We report the SIF score
for all GANs as well. For FID score, DDPM outperforms R2D2-GAN slightly for Dataset
A (Control) and Dataset B (Avg) (Table 2.2). We note for SIF score that except for the
largest set (Dataset B, Control), where StyleGAN2 has the best performance - R2D2-GAN
outperforms all GANs across all data subsets. This highlights the significance of R2D2-GAN
in tackling limited and diverse datasets. We demonstrate the utility of SIF in visualization
as well as the identification of failure cases in future subsections (F and G). We also report
Adversarial Accuracy (AA) [482], which computes the classification accuracies achieved by
two classifiers on the same validation set, one trained on real data and one on synthetic data.
If both accuracies are close, it implies that the GAN has effectively learned the underlying
distribution of the real data. We reported the accuracy values for various GANs and real
data baseline in the ACC (IL) column of Table 2.3. To compute these metrics, we used 500
synthetic images per class for both datasets for all GANs. Performance variation due to
data limitation is more apparent in MSG-GAN and StyleGAN2. We note that R2D2-GAN
has the most consistent performance of all these models. For AA in Table 2.3, we also
note that R2D2-GAN has the closest performance to real data for the balanced Dataset A.

For highly imbalanced Dataset B, we note that the performance of many GANs is better

38



than real data, which can be attributed to the data augmentation (over-sampling) using

synthetic samples. We note that R2D2-GAN has the best overall performance.

Learning Discriminatory Features

The goal of employing GANs in automated radiogenomic analysis is to assess if the
generated images capture the distribution representing mutation information and learn the
unapparent feature space. For this, we perform classification using only real data and then
using only synthetic data from various GANs. The hypothesis is that if synthetic data can
accurately distinguish between the presence and absence of mutation in real data, then it
has captured the desired features. We compare the classification results using R2D2-GAN
images with classification using real data and other models. We use the same classifier and
report the same metrics as Table 2.1. The results are reported in Table 2.3. The results are
reported for both Datasets A and B. It can be seen in Table 2.3 that R2D2-GAN performs
just as well as real data (sometimes better) while outperforming other GANs, indicating
that it can capture the underlying statistical distribution and thereby able to learn and
model the discriminatory features. The improvement in performance compared to real data
can be attributed to the limited and unbalanced nature of Datasets A and B, respectively.
Thus, we can see that for varying data size and intrinsic mutation properties, R2D2-GAN

consistently has the best performance.

2.4.6 Results: SIF-based Qualitative Evaluation

An added benefit of SIF computation is the ability to visualize and compare GAN

prediction performance compared with real data prediction. We note from previous results
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that among state-of-the-art approaches, DDPM performs the best after R2D2-GAN. In this
analysis, we demonstrate that improved quantitative performance does not necessarily result
in more accurate features being learned. As established in previous sections, accounting for
complex unapparent feature associations that can only be learned by accurately modeling for
the limited and diverse data during training are key to effective GANs in high-stakes, high-
fidelity tasks such as medical imaging. We note here from Figure 2.8 that when visualizing
the features that the model is seeing to make decisions on mutation detection, R2D2-GAN
consistently activates the regions that the real data also activates. We note that some GANs
also are correct in images such as 4a, 6a (control), 7b (control), 2b (mutated), etc., but are
unable to perform so consistently across the board - specifically for the highly limited and
diverse classes of Dataset A. This is also reflected in the SIF scores in Table 2.2. This
shows us that R2D2-GAN, due to its effective latent space sampling, can accurately learn
unapparent features in the visual manifestation of mutations. Furthermore, these insights
also help us in studying which features of a tumor contribute to mutation detection. For
example, most control class images focus on the enhancing region (which is the growing
part of the tumor) whereas most mutated class images focus on the necrotic core. This
makes sense as the control class has the worse prognosis, thereby the tumor growth is the

feature to observe.

2.4.7 Failure Cases and Limitations

Limitation: R2D2-GAN, in its current state, can only be applied to the tumor
crops, and not the tumor microenvironment. Thus, to generate whole MRI images using

R2D2-GAN, there needs to be an additional step of learning the tumor microenvironment.
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Failure Cases: 1t is difficult to discern the errors visually if the generated images
are of good quality, especially when the desired features to be learned are unapparent.
To identify the failure cases in these cases, we employed SIF-based filtering. When the
SIF score of an image is too low, the image can be filtered and observed for insights. In
Figure 2.9, we show some results where the SIF score is less than 0.2 (this can be varied
as needed, and can be chosen empirically based on application). This shows there is some

room for improvement in R2D2-GAN for learning images with higher fidelity.
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Figure 2.9: Cases where R2D2-GAN fails to learn the same features as real data. The images
were selected based on low SIF scores, demonstrating an additional benefit of the SIF score
in identifying failure cases in GANs. Colorbar for heatmaps is provided in Figure 2.3.
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Chapter 3

Computational Modeling of Tumor
Invasion from Limited and Diverse

Data in Glioblastoma

3.1 Introduction

A mutation in a tumor affects tumor biology and its radiological appearance.
Therefore, the tumor mass properties such as the tumor’s location, laterality, shape, necro-
sis, edema, enhancement, etc. are rightfully considered the most significant in automated
mutation detection. As such, many proposed automated methods either focus on the over-
all brain scan or the quantifiable properties of the tumor mass [134, 112, 172]. Meanwhile,
the non-enhancing parenchyma (impacted brain tissue around the enhancing tumor) which

affects the assessment by radiologists [527, 230] is yet to receive due importance in machine

42



learning. A mutation correlates with the tumor properties such as the enhancement of
the tumor and its location, and consequently, the impacted tissue surrounding the tumor.
Therefore, the extent of this tumor invasion into the surrounding tissue is often associated
with disease aggressiveness and patient prognosis [109, 20]. For example, a high extent of
tumor invasion may suggest a higher resistance to treatment. The patterns in tumor inva-
sion cause alterations in tissue density, shape irregularities, and disruptions in anatomical
structures, which can be extracted as features using image processing or machine learning
techniques and can aid in mutation detection.

In this work, we focus on the less explored 19/20 co-gain as our mutation of
interest. We analyze and characterize the imaging features that correlate with the visual
manifestation of 19/20 co-gain, aiding in its detection using MRI data. Specifically, we
isolate and quantify the discriminatory power of the impacted brain tissue surrounding the
tumor, in detecting a mutation. Our aims are twofold: firstly, to quantitatively assess the
impact of tumor invasion on prognostic analysis, and secondly, to develop a generative model
capable of faithfully reproducing the properties of the affected tissue. This approach not
only enriches our understanding of tumor behavior but also facilitates the characterization
of features essential for comprehensive radiogenomic analysis.

From a computational point of view, the second goal presents many challenges.
The correlation of diverse patterns of tumor infiltration with mutation status can be subtle,
complex, and often unapparent to the naked eye. Furthermore, being a rarer mutation that
manifests in extremely diverse ways, the dataset for 19/20 co-gain is highly unbalanced and

limited, with high inter-class similarity and intra-class diversity. A generative model that
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can tackle these challenges should be able to learn complex feature associations from limited
and highly heterogeneous data. To this end, we propose a Generative Adversarial Network
to model Tumor Invasion (TI) called TI-GAN. TI-GAN learns the unconditional statistical
distribution of TT using the limited data and improves the accuracy of this estimation via
conditional joint learning using context from tumor features such as tumor shape, texture,
and location.

We demonstrate that unconditional modeling helps us estimate the generalizable
properties of TI, whereas conditional learning using tumor properties helps in generating
tumor invasion that is realistic for a given brain scan. Through quantitative and qualitative
analysis, cross-dataset testing, radiologist blind tests, and application to a downstream clas-
sification task, we demonstrate that our proposed approach can consistently and realistically
model tumor invasion properties. While we do not claim that TI-GAN is deployable in clin-
ical settings in its current form, we believe that the extensive qualitative and quantitative

analyses support its efficacy in modeling tumor invasion.

3.2 Related Work and Contributions

3.2.1 Related Work

To streamline the prognostic and treatment planning pipeline of GBM, researchers
have attempted radiogenomic analysis using various imaging modalities [331, 65]. Many
have developed models automating the radiogenomic modeling of the more common mu-

tations IDH1 mutation and MGMT methylation [331, 53, 172, 112]. Specifically, research
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Figure 3.1: Overview of the Tumor Invasion GAN (TI-GAN) Model. The detailed archi-
tecture of each TI-GAN module is given in Figure 3.3. The definition of each variable
is provided in Table 3.1. The visual representation of the major variables is provided in
Figure 3.2.

has been directed at analyzing various properties of the tumor mass and their radiogenomic
contributions [134, 46, 526]. 19/20 co-gain, among many others, is a rarer mutation — yet
important in its prognostic value. Its rarity makes it more difficult to analyze. Techniques
that address such mutations [204, 205] pave a path to study other rare mutations, in achiev-
ing a comprehensive assessment of any cancer. Traditional feature descriptors focus heavily
on the properties of the tumor such as the tumor location, shape, enhancement, necrosis,
etc. [138, 134, 187, 146, 292], while many deep learning techniques focus on the whole 2D
or 3D brain scan [103, 283]. While these perform the critical task of establishing that visual
biomarkers of mutations exist, it is crucial for clinical settings that mutations not only be
detected, but also their discriminatory feature space be interpretable. To that end, there
has been research effort toward characterizing some tumor macro-features and their impact

in identifying mutations from MRI [204, 205].
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Strongly infiltrative tumors such as GBM have a diverse and complex tumor mi-
croenvironment [385]. There is a significant therapeutic benefit in learning the properties
of this microenvironment since it has been shown to contain important prognostic informa-
tion [337, 413, 20, 109]. Due to its significance in diagnostic, prognostic, and therapeutic
pipelines, there have been efforts to perform mathematical modeling of how the tumor
growth impacts the surrounding brain tissue [470, 230]. However, there are many com-
plexities in modeling tumor invasion that way. While deep networks are capable of learning
such non-linear and high-level feature associations, there has been little effort in automating
these techniques that model the tumor microenvironment. In this work, we quantifiably es-
tablish the impact of the tumor microenvironment on the status of 19/20 co-gain mutation.
Furthermore, we propose a generative model with the capability to model and reproduce
the tumor microenvironment properties.

Generative deep learning models, especially GANs, have received strong interest
from researchers due to their immense capability to learn underlying feature associations in
images and synthesize high-quality images. In medical imaging applications, they are used
in data augmentation [299, 31|, data anonymization [387], image enhancement [503, 437],
anomaly detection [153], and more [125, 72, 86, 329, 516]. For single modality image gener-
ation tasks such as ours, the most commonly used GANs are some variations of Deep Con-
volution GAN (DC-GAN), Wasserstein GAN (WGAN-GP), Progressively Growing GANs
(PGGAN), and Multi-Scale Gradients for GANs (MSG-GAN) [8, 240, 454, 421, 81]. These

have shown promise in the synthesis of good-quality images for tasks like data augmentation.
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Original Image b; Context (y) for b; Context () for b; + Context () for b;_
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Figure 3.2: Visual representation of the variables used in TI-GAN. For the context images,
i+ means the brain scan above the current slide 7 in the direction of the top of the head
and 7_ means the slice below, towards the neck. The white arrows represent where the
tumor invasion is being represented by the aggregation described in Figure 3.1. The blue
diffused region in ¢4 shows the overall tumor invasion as we go in the direction of the neck.
Similarly, the red area in i_ represents the same as we go towards the top of the head. As
pointed out by the yellow arrow in 7_, the red region also represents the eyes we encounter
when traveling in that direction. Thus, this context provides an estimate of the location of
the tumor in this direction.
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Recently, diffusion models have also risen in popularity due to their ability to
generate high-quality images, and have been used in image-to-image translation [280, 229],
segmentation [468], and synthesis [90, 91, 328] tasks, among others [108, 219]. These are
computationally intensive and have very high data requirements. For rare mutations, the
data available is limited, which causes a bottleneck. Some studies have shown that diffu-
sion models have better mode coverage than GANs, whereas GANs have a more efficient
sampling strategy [219]. For our task, they represent methods that can unconditionally
generate images. However, as previously established, tumor invasion is not an independent
variable and its synthesis depends on tumor properties. In other words, methods that per-
form synthesis with provided context (conditions) are also useful. These consist of methods
such as generative inpainting [494] which have been quite popular in image completion
tasks. In this work, we analyze both unconditional generation using GANs and conditional
generation using generative inpainting to establish the foundation for our proposed model

- which performs joint conditional and unconditional estimation for improved performance.

3.2.2 Contributions

e To the best of our knowledge, this is the first deep learning approach to model the impact
of mutations on the visual manifestation of tumor microenvironment, a very significant
biomarker. This can further be utilized for radiogenomic analysis of other cancers as well

as other medical applications such as cancer pseudo-progression analysis.

e We employ joint (conditional and unconditional) estimation and asymmetric masking to

tackle challenges of practical datasets such as data diversity and limited dataset, respec-
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tively, to learn visually unapparent features realistically. We conduct experiments on
multiple datasets and report performance with extensive qualitative analysis and quan-

titative metrics to demonstrate the robustness of our approach.

e We carry out blind tests performed by three US board-certified radiologists to establish
the realism of images of the generated tissue, achieving almost 50% accuracy, i.e., chance-

level classification (between real or synthetic images), which is the most desirable.

Table 3.1: List of Symbols used

Symbol Description
B 3D brain scan
b; 2D brain slice of interest
N Number of slices in B
qﬁ,g?) Real and estimated affected tissue
1, b Real and estimated brain sans affected tissue
Yiumor Tumor Mass or Tumor Crop
Yhealthy Planar Localization of the Tumor
X Volumetric Localization of the Tumor
Eo//x Encoders for each parameter
Dy sy Decoder/Generator for each parameter
Do Discriminator for each parameter
N/ Estimated PDF for each parameter
Ocond Conditional likelihood estimator
Ounc Unconditional likelihood estimator
6 Overall estimate of tumor invasion
brec, bgen | Reconstructed and generated images (training)
bi Novel synthetic 2D scans (inference)

3.3 Technical Approach

Intuitive Explanation: From a computational point of view, our goal is to estimate the

underlying statistical distribution reflecting the tumor microenvironment properties using
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generative modeling. We treat this as a maximum likelihood estimation (MLE) problem.
The challenge, however, is that the parameter to be estimated has a high variance and
there are only a small number of data points. This means the distribution of training data
is sparse. If we were to train a general GAN, it would perform unconditional statistical
modeling of the parameter to learn the general trends. However, in this case, it is simply
learning what tumor invasion will generally look like for data from various subjects, with
no knowledge of what the tumor size, shape, or location is. This means that it could
generate random tumor invasion for a new data sample during test time, which might not
look realistic. On the other hand, if we trained a conditional model, by giving the context
of tumor shape, size, and location - then the best performance of the estimator will be
achieved by overfitting on the limited samples to account for diversity. In other words,
since the goal is to perform MLE, the model could theoretically get to the lower bound
by doing exact reconstruction on all data samples (since they are limited). Thus, by only
performing unconditional estimation, the network will be too generic due to the sparse
underlying distribution to learn from. On the other hand, it will not generalize enough
to new data if we perform only conditional estimation. To combat this, we perform joint
conditional and unconditional estimation. We describe the technical approach of TI-GAN in
detail in this section. To demonstrate the performance of fully unconditional or conditional
generations, we compare our model with state-of-the-art (SOTA) GANs (for unconditional

generation) and a generative inpainting model (for conditional generation).

Problem Formulation: The proposed tumor invasion model is shown in Figure 3.1. The

3D scan of the brain (B) consists of 2D slices {b1, ba,...,bx}. Each slice b; can then be
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disentangled into two subspaces: the impacted tissue (¢;) immediately surrounding the
tumor and the rest of the brain tissue (1);), as shown in Figure 3.2 (top row, first two
images). The two things to note here are that (1) ¢ and 1 are mutually exclusive, such
that b; = ¢; U; and (2) 1; can further be considered to be a combination of two mutually
exclusive subspaces: the tumor mass (1; tumor) and the un-impacted brain tissue (1; heaithy),
as shown in Figure 3.2 (top row, 3rd and 4th images). All the variables used are summarized

in Table 3.1 for reference.

B= [bi]ils.t. b; Ui = by, s N1y = 0, (3.1a)
b — f([gﬁi,lﬁi,BD, (3.1b)

i— f(x), x = f(B), (3.1¢)

Vi = Vi healthy + Vi tumor- (3.1d)

Hereafter, for ease of formulation, ¢; and 1; will be represented in the generalized
form, ¢ and .

The goal of TI-GAN is to estimate the tumor-impacted tissue (¢;). As established
previously, the impacted tissue depends on the tumor mass properties such as its shape,
texture, and location. Without these features, TI-GAN will perform unconditional gener-
ation which is not realistic. Thus, we provide the tumor features as input in the form of
local context. In other words, we provide v; tumor and ¥; peaithy as inputs to the network.

To provide tumor information on a global scale, we use a Volumetric Localization (VL, x)
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that provides context regarding the overall location of the tumor, and overall tumor diffu-
sion patterns in the 3D scan. This allows the model to learn the feature associations of a
particular 2D slice and its neighboring slices. Thus, the network inputs and outputs are:

During training: Inputs: ¢, ¢, and x; Outputs: ngﬁ and zﬁ,

During inference: Input: ¢; Output: d;,

where 9 input contains information about the tumor mass and the relative 2D
location of the tumor through v; tumor and ¥ peaitny, respectively (i.e., the local context).
We do not provide x as input during inference to allow for the practical utility of TI-
GAN so that during the test time it should not require full 3D scans for generating tumor
microenvironment. Instead, the model relies on the underlying conditional distributions
learned during training to make relevant inferences. In other words, during training, we use
the input ¢; and Volumetric Localization () obtained from the 3D scan (B) to develop a
statistical model that can estimate the surrounding tissue gzgZ During inference, a brain scan
with no tumor invasion TZJZ is given as the input, and the tumor invasion ng is estimated using
the learned statistical distribution of v, ¢, x. Since x is unknown during inference, we learn
it as an implicit variable, conditioned upon ¢. This means that every unconditional estimate
of P¢3 essentially comes from a more realistically learned distribution Fg|,. Subsequently, a
synthetic brain scan (b;) can be estimated by using ¢; and 1;, which is the desired output
of this model. This problem formulation is given by Eq (3.1). It is to be noted that since i
is a representation of the volumetric location of a slice, it can be estimated using .

We can model the subspace representation of ¢; and 1; separately and learn to

generate the impacted brain tissue surrounding the tumor, similar to an inpainting task.
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Without affecting the formulation, during disentanglement, we can include the edge of the
tumor in the surrounding region, so that it is now a part of ;. We do this to avoid
spurious edge artifacts and generate a smoother transition between the tumor edge and the
impacted tissue. We vary the radius of the mask in ; to account for varying extents of
tumor enhancement and thereby tackle the limited nature of the dataset.

Estimating Tumor Invasion (Encoding): As mentioned, the two important features we
focus on are the tumor mass properties and the relative location of the tumor in the brain.
We want to estimate ¢ (impacted tissue) given t (tumor properties). To build an estimate
of the tumor invasion, our model has to learn the distributions of ¢ and v relative to one
another. To this end, we use convolutional encoders &, &, for ¢ and v, respectively. For the
two disentangled paths of ¢ and v, the encoders generate subspace representations based on
their distributions Py and Py. It should be noted that ¢ and v are mutually exclusive, but
not independent. To obtain estimates of underlying distributions, we design £, and &, to
be Conditional Variational Autoencoders (CVAE) [394]. The detailed architecture of each
module is shown in Figure 3.3. The encoders £, and &, are responsible for estimating the
parametric representation of ¢ and 1 with respect to their relative subspaces. For modeling
desired properties from diverse input, we take inspiration from [512, 513]. However, a
typical pluralistic task [512] aims to generate realistic and diverse output given high variance
prior (diverse input), whereas in our case it has to do with realistic and semi-deterministic
generation given diverse input. In other words, the tumor invasion estimated by TI-GAN
cannot be unconditionally creative - it has to make biological sense, conditioned upon the

tumor’s properties. At its core, this means enforcing a tighter lower variational bound on
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conditional log-likelihood than shown in [512, 513]. We do this by incorporating global and
local context via x and 1, respectively. The local context is readily available as 1 is given
as input to the encoder directly. To incorporate global context y, we compute a context
flow and cast the information of the relative tumor location onto a 3D scan which can then

be encoded during training.

Decoder Architecture

Encoder Architecture

Discriminator Architecture

Residual Block (512, 3x3)

Residual Block (64, 3x3)

Residual Block (64, 3x3)

!

Residual Block (512, 3x3)

Residual Block (128, 3x3)

Residual Block (128, 3x3)

!

Input Feature

Residual with short-long-term
attention (256, 3x3)

Residual with SA (y, )/SLTA
(¢) modules (256, 3x3)

Residual Block with self-
attention (256, 3x3)

!

Output Feature

Residual Block (128, 3x3)

| [ ResidualBlock (512,3x3) | [ Residual Block (512,3x3) |

{

Residual Block (64, 3x3)

Residual Block (512, 3x3)

Residual Block (512, 3x3)

Input 1

Input 2

Conv2D + LeakyReLU Block
(512, 3x3)

[ ouputz |[ output1 |

=% Up-sample Down-sample No operation

Short-Long Term Attention Module (SLTA)

Figure 3.3: (left) Detailed Architecture of the Encoders, Decoders, and Discriminators of
the proposed TI-GAN model. (right) Details of the Self-Attention (SA) and Short-Long
Term Attention (SLTA) modules. For the Encoder (&), input 1 is the Encoder feature,
and input 2 is the context from &, (described in Section 3.3). For the decoder (Dy), Input
1 is the feature corresponding to ¢, and Input 2 corresponds to v, which helps in joint
estimation. Vice versa for Dy, as described in Section 3.3

Computing Global Context Flow: The process of computing y is shown in Figure 3.4.
The idea is to generate an auxiliary 2D brain scan that incorporates the information on
the relative 3D location of the tumor. Thus, we exploit the three channels of any RGB
image, to encode this information. Given a 2D brain slice b;, the R-channel of y represents
a cumulative flow of all the slices starting from the top of the head (b1) until b;. The G-

channel is b;. The B-channel is the cumulative flow of all the slices starting from b; until

the neck (by). This is represented by the equations in Figure 3.4.
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Global
Context ()

(a) Volumetric Localization Computation (b) Global Context Flow corresponding to various 2D slices (slice number on image)

Figure 3.4: (a) Computation of the volumetric localization context (x). (b) Visual repre-
sentation of how the x varies with varying 2D brain slices for the same patient. Images (1)
and (8) represent the topmost and bottom-most slices of tumor occurrence. We note that
the extent of the red/blue hue surrounding the tumor is indicative of the relative position
and global growth patterns of tumor invasion.

The algorithm for computation of x, and a visual representation of how x varies
with various slices of the same brain scan are shown in Figure 3.4. We see from the intensity
of red or blue hues surrounding the tumor region in y, where the tumor lies, as well as a
global representation of the extent of tumor invasion and diffusion patterns. For an isolated
view into the R- and B-channel of y, we refer to Figure 3.2 (bottom row, last two images)
which shows the red and blue hues of various intensities reflecting the patterns of brain
tissue variations (white/yellow arrows, bones, eyes, etc.).

Incorporating Context: Accuracy in estimated tumor invasion ((]3) requires knowledge
of tumor properties. Thus, we use the key tumor properties as context. The most sig-
nificant feature, the tumor mass, is incorporated via ¢umor in the input. Yueaitny is the
Planar Localization Context (PLC), which augments the estimation of tumor invasion by
providing the relative tumor location in the 2D slice. Meanwhile, x provides the Volumetric

Localization Context (VLC), a cumulative flow representation of a 3D scan onto one 2D
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scan. We incorporate the local context via self-attention modules as shown in Figure 3.3.
To incorporate the global context, we perform cross-attention using the Short-Long Term
Attention (SLTA) module. The encoders & and &, are regular encoders with self-attention
modules (Figure 3.3). However, as previously mentioned, £, incorporates the global context
implicitly - and thereby has to learn from &,. Thus, we use SLTA module (Figure 3.3),
where Input 1 and Input 2 are features from &4 and £,, respectively.

We can remove the local context information (without affecting the formulation)
and still get some estimate of tumor invasion. However, the network does not have enough
information on the tumor growth properties without this to realistically learn tumor invasion
patterns. Similarly, without 3D context, the encoders lose contextual knowledge of diffusion
trends in the tumor along the rest of the brain, causing unrealistic infiltration patterns. The
results with and without context are reported as an ablation study. For a slice b;, the three
channels of VLC are computed as shown in Figure 3.1 (right). If the z-channel goes from
the neck to the top of the head (ref. Figure 3.1 and Eq (3.1)), the first channel of x is an
aggregation along the z-channel prior to b; (neck to current 2D slice being processed), the
second channel is ¢, and the third channel is a flow along z-channel post b; until N (from
the current slice to the top of the head). During training, both contexts act as known priors
to determine the conditional estimation of the tumor invasion.

Ensuring Realism in Output (Conditional Estimation): While we now have a variety
of input distributions being modeled, we still need to generate the tumor microenvironment
(¢) that makes biological sense. Since there is a limit to how creative the generated output

can be for a medical task (the estimated tumor invasion has to be realistic), we need
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a tighter lower bound on the estimation than used in [512]. To achieve this, given the
localization context of a brain and tumor properties, realistic generation of surrounding
tissue is made possible using additional conditions on the global context x (VLC). The
CVAE €&, reparameterizes the global context () for this task.

During training, the goal is to get the best estimate of the generalized distribution
of ¢ using ¥ and y such that during inference, the best estimate ¢ (or implicitly, ¢|x)
can be efficiently inferred from only @ZA) Therefore, during training, the network uses the
known posterior P4 conditioned upon x to find the best estimate of the prior Py. At the
same time, Py tries to best estimate Py. In the training steps, ¢, ¢ and x are known.
At every iteration, this means that the goal is to minimize the KL divergence between
the known prior P, and the ¢ channel’s estimate PTZJ|X and that between Py, and the ¢
channel’s estimate Pq;. During inference, only the input ) is available, which means the
final objective of the network is to find the best estimate of the posterior Py, assuming x
as the implicit variable being learned jointly with ¢. Thus, during training, the conditional

likelihood function has a lower bound as shown in Eq (3.2).

log P(¢ |1, x) > —KL|[qg(z4 |, 0, X)|1Py(26 [¥, X)]

+ By, (ol [ 108 Po( | 26,00, %)) (3.2)

where zy4 is the latent vector (conditioned upon the implicit variable x), g4 is the posterior
sampling function, Py is the conditional prior, I is the likelihood function. Since the tissue
¢ and tumor v are exclusive sets, the posterior sampling can only depend on ¢. Therefore,

our estimator function now reduces to:
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log P(¢ [0, x) = —KL[qg (26 |0, x)IIPy(26 |1, x)]

+ By, (zlon0 [108 Pa(0 | 26, ¥, x)]- (3.3)

This equation represents the conditional estimation of the tumor invasion when all the inputs
are known. Using this estimation alone in a generative model will cause the network to
overfit on the training data (learn the exact distribution), resulting in a lack of generalization
to unknown inputs.

Ensuring Generalization to Unknown Inputs (Unconditional Estimation): The
current data has limited yet highly diverse samples. Applying this estimator to high dimen-
sional, high Degree of Freedom (DoF') tasks such as ours leads to difficulty in convergence
[512]. For high variance priors such as ours, since ¢ and 1) are coupled during training, the
model can approach the desired lower bound by overfitting, i.e., not learning the overall
distribution but the exact solutions for the limited number of samples. For our data, this is
highly possible because the model prefers to do exact reconstruction given tumor properties
than to do sparse modeling of heterogeneous samples to learn generalized trends of tumor
invasion. In other words, the randomized z, from the learned distribution will get ignored
since the network exactly knows p(¢|y). To tackle this issue, [512] included an uncondi-
tional likelihood estimation of ¢. The unconditional estimation using a standalone, fixed

prior and random posterior sampling is:
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log P(¢) > —KL[gg(z4 |9)]|P(24)]

+Eq, (2510) [ 108 Po(9 | 2)]- (3.4)

However, in our case, we have an implicit variable being learned coupled with ¢, which
is only available during training. Thus, in our unconditional estimation, we learn the
conditional distribution of the coupled variables, which can be directly sampled during

inference as follows:

log P(¢|x) > —KL[gg(24 6, )| P(25)]

HEq, (4100 [108 Pa(¢ | 26, X)]- (3.5)

This is called unconditional estimation because it does not know ). Thus, it acts
similarly to a standard generative model. Not knowing the information about tumor mass
and the 2D location of the tumor means that the network will generate tumor invasion that
is not realistic to the given input.

To summarize, the estimator in Eq (3.3) learns the tumor invasion when the tumor
mass and the 2D location are known. This will be realistic to known inputs but can
not be generalized to unknown data. On the other hand, the estimator in Eq (3.5) will
always generate diverse outputs but will not be realistic to the given input. Thus, for
realistic estimation on diverse inputs, we perform a joint estimation using the conditional

and unconditional estimator. In other words, the model will predict random tumor invasion
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using Eq (3.5) and will narrow down to predict the realistic invasion when paired with the
additional information provided by the tumor in Eq (3.3). This is shown in Eq (3.7c).

Joint Estimation (Decoding): The crux of joint estimation is that both estimators are
learning from each other. This is made possible by SLTA modules in the decoders D, and
Dg. For SLTA in Dy, Input 1 is the feature vector sampled from the estimated distribution
of 1, and Input 2 is from ¢. For Dy, Input 1 comes from ¢ and Input 2 comes from ). This
is represented as the dotted lines in Figure 3.1. Essentially, the learned representations of
¢ and v are aiding each other via SLTA to bolster the estimates @@ and (%, respectively.

Model Convergence: This estimator in Eq (3.3) cannot be solved definitively since the
sampling function g4(.|¢, x) and context input (x) are only available during training. In
other words, during inference, our sampling using the learned distribution of P conditioned
upon 1 and x must efficiently synthesize desired brain tissue ¢E, independent of any prior
information on ¢ and x. Thus, we should be able to obtain an estimate of <Z> without
46(.|¢, x), using only observed prior 1& and the sampled latent variable z4. Combining this

with our original estimate for training, we get a new lower bound as in Eq (3.6).

log P(6 [15,%) = A x (= KL[as(z 9, )l Pu(zs ¥, )]
+ By (zglonx) 108 Po( | 24, MX)])

F(1-N)x (Epw [log Ps(¢ | 2, q/})]). (3.6)

where A is a number between 0 and 1. We vary A randomly between epochs for robust

estimation with and without gg.
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Objective Function: While training, the network needs to simultaneously maximize the
likelihood and the unconditional prior. The new objective function has both the conditional
likelihood function Eq (3.6) and unconditional prior estimator Eq (3.5). When using the
posterior sampling function, the network favors reconstruction (b,e.), whereas when using
the learned conditional prior, the network generates output from estimated distribution
(bgen). The unconditional estimator in Eq (3.4) and the second term in Eq (3.2) both
facilitate reconstruction of the brain scan (6. corresponding to bye.). Meanwhile, the
modified term in Eq (3.6) facilitates the novel generation (64e, corresponding to bye,). We
can combine those terms to get the final estimator function as shown in Eq (3.7c). This

allows for improved generalizability of the model.

Bune = —KL[q5(, X) |1 Py (26)]

+ Eq, (zplén0 [ 108 Poee (926)] (3.7a)
Ocona = A (= KL a2/, X) | Py (6126, 0]

+ Eq, (241600 [108 Pooc (0126, 9, X)])

+ (1= ) % (Ep, [log Po,o,(9]2,9)] ). (3.7D)

0 = arg max [Gunc + HCOHd] . (3.7¢)

where Oyne, Ocong are the unconditional and conditional maximum likelihood esti-
mates, and 0 is the overall estimate.
To obtain a differentiable loss for the network in Figure 3.1, we grouped terms

similar to standard loss functions. The KL terms in Eq (3.7a and 3.7b) for unconditional
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and conditional priors are the KL divergence losses for image reconstructed given ¢ (byec,
output of decoder Dy) and the image generated given v (bgen, output of decoder D),
respectively (Figure 3.1). To maximize the likelihood during training (relating to by.), we
can directly employ an L1 loss between the input training image and b,... When learning
the conditional prior, the generated image’s 9 (relating to byepn) should be similar to the
deterministic 1, so we employ L1 loss between those, not the whole images. The two KL
divergence losses and two reconstruction losses make up the terms of the estimator. We
must also ensure the generated images do not diverge from the underlying distributions.
We, therefore, have two discriminators Dy and Dy, to minimize KL divergence between real
and generated distributions, adding two adversarial loss terms. Thus, the final loss:
L= (LR + LY + Lad, + Lip + L1 + L3q,) /6. (3.8)
During inference, we perform the likelihood estimation as in Eq (3.7¢) to obtain
the best estimate of quS given g@ The final output b; is obtained by combining the given 1[1
and estimated 121 The overall algorithm is described in Algorithm 2.
Addressing varying extents of tumor invasion: While we tackle diversity in small
datasets using joint estimation as shown in Eq (3.7c), we also employ an additional step
to ensure the model trains well on limited data. As previously mentioned, the first step
of TI-GAN is to disentangle the tumor invasion and the rest of the brain by masking
out the desired region. However, for diverse tumors such as GBM, there is no definitive
radius of impacted tissue. To address varying extents of tumor enhancement, as well as

to ensure robustness in training and subsequent inference, the masks are made irregular,

62



and of varying radii. Based on the average relative size of the tumor (for a brain scan of
256x256), we perform asymmetric masking. We randomly pick the outward mask radius
(rmo) from 10-30 pixels, masking outward of the tumor-tissue boundary, and vary inward
radius (r,;) 5-10 pixels, masking inwards. This property is particularly useful because it
does not require the tumor delineation to be very precise, and it caters to varying degrees of
how aggressive a tumor can be. Additionally, this step also doubles as a data augmentation

step - effectively providing more samples for robust training of TI-GAN for limited datasets.

Algorithm 2 Algorithm for TI-GAN Training

Input : ¢ (varying asymmetric masking), ¢, x

Output: Estimated gﬁ given 1])

At Epoch 0: E(¢) is random (e.g., all gray pixels for estimated tumor invasion)

while loss > threshold do
Step 1: Compute x using VLC method (Figure 3.1)
Step 2: Encode ¢ and 7 using &4 and &y with &, as context
Step 3: Sample input to decoders from Ny and Ny, to generate estimates of ¢ and
Step 4: Estimate ¥ given ¢ and y. This will be deterministic since all inputs are known
Step 5: Maximize E(gz3| X) using current best estimate of ¢ (Eq 3.6)
Step 6: Minimize £ and update £, D and D for both ¢ (reconstruction) and ¢ (synthesis)
channels

end

3.4 Experiments and Results

3.4.1 Description of Datasets

We report our results on two datasets, a dataset collected at Emory University
(Dataset A) and the publicly available The Cancer Imaging Archive Glioblastoma (TCIA-
GBM) [71] Dataset (Dataset B). Dataset A is very limited and diverse whereas Dataset B is

highly imbalanced. The evaluation using Dataset A highlights the effectiveness of TI-GAN
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in learning discriminative features from limited data, whereas, the evaluation for Dataset B
demonstrates its utility in combating data imbalance. Both datasets exhibit high diversity.
Together, they represent two common, critical issues faced by real-world medical data and
the efficacy of TI-GAN in handling diversity and lack of data in one or both classes.

Dataset A. Dataset A is a private dataset that consists of FLAIR MRI data for 25
patients with known mutation status. This cohort has 14 control and 11 mutated patients.
The control class has cases without 19/20 co-gain and mutated class, with co-gain. Both
classes have about 100-130 images each containing a tumor, making it a limited dataset.
The use of human data in Dataset A was approved by the Institutional Review Board (IRB)
of Emory University, Protocol #95120.

Dataset B. The public Dataset B has a cohort of 164 patients with FLAIR MR
images, which is divided into 133 control and 31 mutated patients. To extract the 19/20
co-gain status, the corresponding molecular data for all patients was extracted from The
Cancer Genome Archive (TCGA) website [430]. It was done by taking gistic data from
TCGA and thresholding for each arm of the chromosome, checking if more than 25% of the

genes are duplicated on both the long and short arms of chromosomes 19 and 20 [204].

3.4.2 Experimental setup

TI-GAN uses jointly conditional and unconditional estimations for synthesizing
the tumor microenvironment. In the following subsections, we first establish the mutation
detection power of tumor invasion, followed by qualitative and quantitative results on the
three aspects of generated images: image quality, diversity, and realism. We compare these

results with commonly used unconditional GANs (WGAN-GP, PGGAN, and MSG-GAN)
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and conditional generation using inpainting (Generative Inpainting (GI)). Furthermore, to
establish realism, we perform a blind test by 3 US board-certified radiologists and report
the qualitative and quantitative results. To demonstrate the generalizability of TI-GAN,
we perform cross-dataset testing. To establish the importance of local and global context -
in other words, to establish the importance of knowing tumor shape, texture, and location
information in tumor invasion modeling - we report quantitative and qualitative results
of ablation studies without using local context (primarily tumor shape and texture) and
global context (primarily tumor location), respectively. For TI-GAN-generated images (vs
other models), cross-testing results, and ablation studies, we also report the impact of using
synthetic images in mutation detection. Finally, to demonstrate the efficacy of TI-GAN in
data augmentation tasks, we use TI-GAN-generated images to balance the minority mutated

class in the unbalanced Dataset B - and report the performance improvement.

3.4.3 Discriminatory Power for Mutation Detection

We begin our analysis by isolating and quantifying the impact of the tumor mi-
croenvironment in predicting the mutation status. This establishes the extent to which
the mutation manifests in the surrounding tissue. For this, we perform classification of
the presence or absence of mutation using real data at various levels of abstraction of the
feature set. We perform three classification tasks, one using whole brain images, the second
using the tumor regions (tumor mass plus the surrounding tissue) and the third using only
tumor mass. The comparison of the classification performance of Tumor Region (TR) and
Tumor Crop (TC) in Table 3.2 allows us to isolate the impact of only tumor invasion on the

presence or absence of mutation. This is because, referring to Figure 3.2, TC' = ¥1ymeor, and
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TR = ¢ + Yrymor- For the tumor region, we extract rectangular patches of size 25 pixels
around each direction of the tumor boundary, based on 256x256 brain slices. We evaluate
the classification performance for both Dataset A and B, and the results are reported in
Table 3.2. For the highly unbalanced Dataset B, we perform oversampling of the minority
class to perform classification using standard data augmentation techniques like rotation
and flipping. The classifier used is ResNet18, with a learning rate of 0.0001, Adam opti-
mizer and trained for 30 epochs with early stopping criteria. The classifier uses a 10-fold
cross-validation technique - and the results for each metric are reported as mean (standard
deviation). It can be seen that including the tumor region increases the overall performance
of the classifier by at least 3%, indicating that it contains information reflecting mutation
status. We note that the best performance is achieved using whole images. This is because
whole images have an additional feature, the location of the tumor, the impact of which

has been quantified in [204].

3.4.4 Generated Image Quality and Diversity

Qualitative Results

Diversity: In Figure 3.5, we report the qualitative results demonstrating the diversity
of images generated by TI-GAN for Datasets A and B. Note specifically the intra-class
heterogeneity of the tumors. For the limited Dataset A, this diversity leads to increased
complexity in training. However, a comparison with real data demonstrates that the pro-
posed model can model the desired properties effectively. We note that paired estimation

using two channels and spatial context (as shown in Figure 3.1) tackles the data diversity
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challenges. In Figure 3.5, we show examples of real data with high intra-class heterogene-
ity and complex tumor properties. We compare these images with corresponding images
generated by TI-GAN and note that TI-GAN is consistently able to reproduce the desired
features with high fidelity and perceptual quality (also demonstrated using quantitative
metrics) even in the most limited classes such as the mutated class of Dataset A. We note
that the diversity of the generated images while maintaining quality represents that the un-
derlying sparse and complex distribution of tumor invasion is being effectively learned using
TI-GAN. Specifically, it means that TI-GAN overcomes common issues faced by GANs such
as mode collapse when dealing with limited and diverse data.

Quality: It is important that the modeled tumor invasion is of good quality, and reflects
the subtle features of mutations being studied. To provide a qualitative analysis, we zoom
into the region surrounding the tumor and compare the results with the real data. We also
provide a comparison with other generative models. For comparative models, we report
three types of results: (a) WGAN-GP to generate whole images, (b) PGGAN and MSG-
GAN for the high-resolution synthesis of whole images, and (c) Generative Inpainting (GI)
[494] to synthesize only the surrounding tissue (similar setup to TI-GAN). These results
are shown in Figure 3.6 for Datasets A and B. We note that using WGAN-GP to generate
whole images does not offer the same level of realism, as it is not able to replicate the quality
or details, and shows a lot of blurriness. Two of the most commonly used medical GANS,
PGGAN, and MSG-GAN, are known for their high-resolution generation- and we have,

thus, included them in our comparisons. We note from the results that when the dataset is
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Figure 3.6: Qualitative evaluation of the quality of generated tumor invasion. Results are
compared against real data as well as WGAN-GP, PGGAN, MSG-GAN, and Generative
Inpainting models. We zoom into the site of the tumor region to highlight the efficacy in
reproducing the tumor invasion. Row-wise: [a] WGAN-GP, [b] PGGAN, [c] MSG-GAN, [d]
Generative Inpainting, and [e] TI-GAN. We note blurriness in many of the WGAN-GP and
PGGAN images whereas MSG-GAN suffers from high frequency artifacts. We also note
some unrealistic skull patterns in GI results.

70



1¢°1 1661 9%’ 10¢  7L'961 61T 7°'8¢¢ 9L°1€¢  70°9¢C dD-NVOM
1¢1 96 7.1 60081  ¢C8691 0C'T ¢0'Tec  999¢c  6£°91¢ NVDODd
cr'l Ve 6LT  PEG8T  GT'ELT ITT v€'9¢c  8¥'0€C  61°¢CC NVD-DSIN
LET 8LGYT  ¥I'¢Sl  C¥6El Ge'T ¢0'10¢  VvL'TIC  T1€061 D
OF'T | LT'CET  T9°GET €L°S8TI IP'T | 80°9LT S8/P8T 8T 'LIIT (sano) NVO-IL
SAY A uon) 8AY A uon)
L srur | T aid L Sru | T aid [°POIN
g 19s010(] ¥V 19500 (] uowhdy sowny, nduf
VIl ¢l'69T  GL°0LT  09°L91 Ge'1 89FP8T  B8CE8T  86°G8T dONVOM
Ge'T P86IT  €L°8T  G6°0TT Ga'1 89891  GC'6LT  0I'8GI NVODd
16T 1€°86 6G°GTT G018 04T T10°€9T  8€°GIc  €9°0T1I NVO-DSIN
0G'T P8VOT  GE60T  ¥E00T TL°1T ¢C'TIT  86VIT  9¥°L01 D
091 ¥0°L9 €9L 6L°LS 94°1 CC'98 C¥'L8 CI9P8 (sano) NVO-LL
SAY N uon) SAY MmN uon)
L Sy | T a1d L S | T d1d [PPOIN
g 19s030(] ¥V 195030 sobpw] 910y gnduf

'9°¢ 9INJI,] Ul UMOYS dI® SUOIZYY JIOWIN], PUe SOSeUI] 9[0YA\ "ONSST)
Surpunoims pue 10w} 9} 0} SI9JOI UOISIY IOWNT, SLIISYM ‘UedS UTelq (¢ [[1J oY) 0} 19JoI soSew] o[y A\ popraoid are suoi3ay]
IowmnJ, pue sogeu] 9[0YA\ UO SYNSIY "SISSB[D [0 SSOIOR dFeIoAR 9} SI Haf pur ‘SSe[d PajeInIy I0j Jnjy ‘SSe[d [0I0)), I0J
Spue)s uo;) 189 puoddg BUIIPU[) ‘@doueuriojrod jsag :prog ‘[Ppow Ino 10 "NV [oed I0] ()0¢ ST sse[d 1od soSewl pajerousl

jo qumu oy, “[¢7T] dD-NVOM Pue [1¢] NVODd (18] NVO-DSIN ‘[76¥] (1D) Sunureduy oaneousy ‘NyH-LI, Sutsn sogewr
pojeIsuad 10] (GJur) 9100s uoljdeou] peyIpowt pue a100§ ((Ig) @oue)siq uorydedu] 10291 :SOLIJOJN SISOUIUAG [9AON :€'¢ 9[qR],

71



09°0 VeLT 8¢°0) 160 ze L1 070 dD-NVHM
€9°0 8191 0%°0 Ge0 z8'GT 710 NVODI
0L°0 26'81 v€0 16°0 z1'91 9¢°0 NVD-DSIN
89°0 z¥ 0z 9Z°0 69°0 9¢°61 ¢z0 D
¥.°0 4 54 12°0 LL°0 1€°€% LT1°0 (sano) NVO-1L
LINISS | | INSd | T sd1dT [ | INISS | | ¥INSd | T SdIdT [PPOIN
g 125090 (] ¥ 225030(T wobay sowny, anduj
89°0 9761 7€°0 09°0 09°ST €e0 dO-NVOM
89°0 0861 €e0 990 ze'61 ce0 NVDHOI
zL0 Cr'1g 12°0 €9°0 90°0¢ 62°0 NVO-DSIN
0,0 89°C¢ 8T°0 ¢L0 81°€C L1°0 i)
64°0 1S°%¢ 80°0 z8°0 20°Sg 20°0 (smo) NVO-IL
LINISS | L UNSd | T sd1dT || L INTSS | | INSd [ T Sd1dT [oPOIN
g 195030 YV 195030 (] sobvwiy 9]0y ndug

'NVD U2ed 10§ (0G ST sse[o 1od soFetr pajersuds jo oqumu oy, *[¢7T] dD-NVOM Pue [€1¢] NVODI ‘[18] NVD

-OSIN ‘[F67] (19) Sunjuredu] oarjerousr) ‘NyH-I], Sumsn sogewl pajerouasd 10J (JNISS) OLIIO]N Xopu] A)LIR[IUIS [RINJONI)S puw
‘(ANSd) oryey 9SION-04-[eUSIS Yedd (SAIdT) AVLre[ruug pyed dFew [enjdodiod patres] :SOLIRIN SISOUIUAS 10X :f°¢ O[qRL,

72



(or) gz (11) 2L (Q1) ¥L (e1) 2L (o1) €2 (er) 89  (11) 6L  (¥1) 89 (01) €24 (e1) 9L dDNVOM
(zr) oL (11) 9L  (01) 22 (e1) 92 (¥1) 9L (er) oL (o1) 08  (11) 0L (€1) 92 (21) 6L NVOOd
(ot) 04  (80) 64  (0T1) 0L (e1) 9L (1T) 92 (01) 69  (60) 82  (21) 69 (e1) 72 (01) 9L NVO-DSIN
(F1r) . (gr)es  (11) 12 (e1) aL (¥1) LL (1) €2 (e1) 88  (01) 2L (11) 28 (¥1) ¥8 D
(e1) g2 (1) 98 (¥1) 9.  (€T1) 08 (zr) 08 | (01) 92 (20) 28 (80) 82 (1IT1) g8 (60) 88 NVO-IL
(c1) 89  (60) ¥8  (11) 12 (60) 92 (11) 22 (1) L. (80) 88  (g1) LL (€1) ¥8 (01) 88 viR( [89Y
DI DHAJS SNAS (I1) DOV (1d) DOV [ DOId  DOddS SNAS (10 DOV (1d)D0V | AL
(F1) ¥9  (60) ¢2  (11) 99 (o1) L (e1) 2L (80) 2 (g0) 88  (60) 9. (L0) 08 (90) ¢8 dONVOM
(er) 29  (g1) 8L  (21) 0L (60) LL (1T1) 6L (60) z8  (90) 06  (21) 08 (60) 98 (60) 06 NVOOI
(60) 04  (o1) 18  (2I1) %L (01) 08 (e1) 18 (1) 2 (60) €8  (21) VL (¥1) 08 (S1) 08 NVO-DSIN
(e1) w2 (01) 28  (21) 8L (¥1) 28 (¢1) 28 (1) ¥8  (L0) 16  (21) ¥8 (1T) 88 (60) 06 i)
(60) 82 (20) 06 (o1) 18 (€1) ¥8 (ot) g8 | (ot) 68 (80) ¥6 (20) 16 (60) 26 (80) €6 NVOD-1L
(01) 0L (80) 98  (80) €L (z1) 8L (60) 18 (80) 98  (50) 66 (L0) S8 (90) 06 (80) 26 vlR( [0y

DIA DAAS SNAS (11) DOV (1d) DOV | DId  DAdS SNAS (1I) DOV (1d)DDV M

g 19s0I0(] ¥V 19s030(]

"90uRULIOJIOd UOIJRIYISSR[D ) Ul PIJIIPRI SI YOIYM ‘BJepD [eal oY) JO uoljejusssIdol POOS ® SI joseiep PojeIsuss-Nyo-I.L oYl
1R1[} 90U SA\ "UOISY IOWNT, :M,J, PUR ‘SoFRW] S[0YAA :JA\ UO PaureI} SIOYISSe[O 10 patiodal snssoy -SosATeur (oA jusnied :Td
pue [aAe o8ew] [ I0J 9100G 90I(] DI Pue ‘Aymneds :HHJS ‘ANANISUSG (NHS AovIndoy )Y ‘segejusorad ur ore solIjoul
[y 090 ‘Surddrg ‘uoryejol se yons senbruyoo) uorjejuswrsne eyep suisn pojduresIoAo S sse[o AJLIOUI oY) ‘g Joseie(] padur[equUN
9T} UI ®IRD [DI IO "OUI[OSR( S} SB POSN SI BJeP [RaI SUISIL 9OURULIONMSJ "SP[OJ ()] I9AO (UOIJRIASD pIRPUR)S) URSW Se PajIodal
oIR SOLIJOUI O, "QTIONSOY ST posn Ioyisse[d oy, *(syu[ds 0g-08) SPIOJ-0T [[® I0J S10S 3507 [eal SUIpuodsolIod oures oy} U0 Pajsa)

pue sjos Jurulel) [BAI SUIRS oY) SUISN paureI) oIe SNV [V [€FT] dD-NVOM Pue ‘[¢1z] NVOOd (18] NVH-DSIN ‘[F6¥] (1D)
surjuredu] sA1jRISUSL) ‘NY)-[], SUIS POIRISUSS R)RD OIISIUAS A[UO SUIST { PUR Y 19SeIR(] Ul UOIJId)OP UOHRINIA :G'¢ d[qR],

73



limited, their performance drops drastically, resulting in checkered or other high-frequency
artifacts. Compared with a generative inpainting model with the same setup as TI-GAN,
we see that the former suffers from many distortions, specifically for Dataset A. Increasing
the size of the dataset improves the performance of all models (see Control class of Dataset
B), which is not a limitation for TI-GAN - indicating its robustness against data size and

diversity.

Quantitative Results

To perform quantitative evaluation, we present a two-fold analysis: (a) Image
quality and diversity metrics, and (b) Using only synthetic data to perform downstream
classification tasks. Details for each and their results are provided in this subsection.

(a) Image Quality and Diversity Metrics: To quantify the quality and diversity
of images generated, we report various novel synthesis and exact synthesis metrics for the
tumor region as well as the whole images as shown in Figure 3.6 (zoomed). The results are
reported in Table 3.3 for the novel synthesis metrics and in Table 3.4 for the exact synthesis
metrics. We computed these metrics using 500 images per class for both datasets. The
metrics are described below. Novel synthesis metrics refer to metrics such as modified In-
ception Score (mlIS) [19] and Fréchet Inception Distance (FID) score [167]. These are useful
in evaluating the performance of GANs because they evaluate the similarity/dissimilarity
of images generated using deep feature associations, and do not perform exact pixel-wise
comparison of generated images with respect to real images. Exact synthesis metrics consist
of metrics such as Structural Similarity Index Metric (SSIM) [174], Peak Signal-to-Noise

Ratio (PSNR), and Learned Perceptual Image Patch Similarity (LPIPS) [502] measure the
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similarity /dissimilarity based on the synthetic image being an identical version of the real
data. In our case, novel synthesis metrics are more suitable for GANs such as WGAN, PG-
GAN, and MSG-GAN, and exact synthesis metrics are more suitable for GI. The description
of each of the metrics is given below.

Fréchet Inception Distance (FID) Score: FID score computes the feature distance between
real and generated images. It is a metric of synthetic image quality and diversity that is
robust against common image perturbations and can detect intra-class diversity and mode
collapse. To compute the FID score, we used PyTorch’s official implementation [379]. The
lower the FID score, the higher the quality and diversity of generated images. Since our
dataset suffers from a high degree of inter-class similarity and intra-class variance, we also
report FID scores for each class, in addition to the average. We note that across both
datasets and classes, TI-GAN consistently outperforms all the models.

Modified Inception Score (mlIS): Inception Score (IS) evaluates Image Quality and Image
Diversity. The lowest value of IS is 1 and the highest is the number of classes (in our case,
2). The higher the IS, the better. Traditional IS is calculated using ImageNet weights.
Since our data are different in appearance, we finetuned the last two layers of the Inception
model for 20 epochs before calculating IS, which we call the modified Inception Score (mlIS).
Note that IS has an additional disadvantage in that it cannot detect intra-class diversity or
mode collapse. This can be seen in the performance of MSG-GAN in Dataset B, where it
outperforms TI-GAN but has a lower FID score.

Learned Perceptual Image Patch Similarity (LPIPS): LPIPS measures the perceptual sim-

ilarity between two images. It measures this similarity by factoring in texture, color, and
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structure that influence how humans perceive visual content. It is typically computed using
deep networks that have been trained on large datasets of images. Here, we use AlexNet-
based implementation as reported in [502]. The lower the value of LPIPS, the better the
quality of generated images.

Peak Signal-to-Noise Ratio (PSNR): PSNR evaluates the quality of a reconstructed image
compared to its original version. It is calculated by comparing the maximum power of an
image to the power of corrupting noise that affects the fidelity of the image. Here, we use
the implementation as shown in [221] which uses the peak value of an image and the MSE
between real and synthetic image. The higher the PSNR value, the better the quality of
the reconstructed image.

Structural Similarity Index Measure (SSIM): SSIM is also measure of perceptual similarity
between real and synthetic images based on structural properties. SSIM ranges between 0
and 1, where 0 means the images are completely dissimilar, and 1 means they are identical.
For SSIM and PSNR of unconditional models (WGAN-GP, PGGAN, and MSGGAN) which
do not always have exact matches with real data after synthesis, we compute pairwise values
between real and generated image sets and pick the generated image with the highest
similarity with a given real image. We report the average value of these metrics.

Across all the metrics, we note that our model has consistently superior perfor-
mance for both datasets (Tables 3.3 and 3.4). For most comparative methods, we see their
performance improve for the larger Dataset B. For example, MSG-GAN sees a sharp im-
provement in the FID score for the control class of Dataset B, which is the largest subset

among our data. This trend, however, does not carry over to the rest of the classes.
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(b) Application to Downstream Classification In addition to image quality and di-
versity metrics, we demonstrate the quality of TI-GAN-generated images by evaluating how
accurately TI-GAN learns the underlying statistical distribution of the desired features. In
its essence, we use only the synthetic data to train the classifier to detect the mutation
status on the same test sets as used in Table 3.2. The idea is, if the synthetic training data
can detect mutation status without using real data, it has captured the desired underlying
feature associations. To measure this, we use a metric called Adversarial Accuracy (AA) as
defined in [482]. AA computes the classification accuracies achieved by two classifiers on the
same validation set, one trained on real data and one on synthetic data. If both accuracies
are close, then the GAN has learned the underlying distribution of the real data accurately.
We report accuracies for synthetic data generated by various GANs and real data in the
ACC (IL) column of Table 3.5. Comparing real vs synthetic classifier accuracies, it can
be seen that TI-GAN outperforms all GANs. TI-GAN for Dataset B slightly outperforms
real data as well. Accounting for random seeds in training classifiers and higher standard
deviation in TI-GAN, we do not claim that TI-GAN learns any more features than the real

data itself. However, we can safely say that it effectively learns features similar to real data.

3.4.5 Realism of Generated Images

Quantitative Results:

We conducted a blind test with three radiologists to determine the realism of our
generated images modeling tumor invasion. The task for radiologists was to look at a set

of data and determine which images were real and which images were synthetic. This blind
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set included images trained on both Datasets A and B. The control set had 44 synthetic
images and 40 real images, whereas the mutated set had 45 synthetic images and 39 real
images. The number of images was picked at random so as to not have balanced sets.
For the quantitative evaluation of these results, we report accuracy, precision, recall, false
positive rate, and false negative rate for each radiologist, as well as average performance
in Table 3.6. For a realistic generation, there should be no distinction between real and
synthetic images in a set. Ideally, our goal is that a balanced blind set performs equal
to or worse than chance. We notice that the average blind test accuracy for control and
mutated classes was 0.50 and 0.54, which is close to chance. The most significant statistic
to be noted is the False Positive Rate, which is 0.46 for control and 0.48 for mutated. This
is a very encouraging result as it indicates that the generated tumor microenvironment is

realistic enough for radiologists almost half the time.

Table 3.6: Blind test by radiologists to distinguish between real and TI-GAN generated
tumor microenvironment. Metrics shown are ACC - Accuracy, PRE - Precision, REC -
Recall, FPR - False Positive Rate, and FNR - False Negative Rate. The text in bold is the
mean value across all radiologists.

ass | Rad. PRE RE FPR FNR
I 0.50 047 0.45 0.45 0.55
Con 2 0.57 0.55 0.52 0.39 0.48

3 0.43 0.40 0.40 0.54 0.60
Mean | 0.50 0.47 0.46 0.46 0.54

1 0.61 059 049 029 051
Mut 2 0.51 048 049 047 0.1

3 050 047 069 0.67 0.31
Mean | 0.54 0.51 0.56 0.48 0.44

Qualitative Results:

For the qualitative evaluation of the results of the radiologist blind test, we provide

a Visual Confusion Matrix (VCM) in Figure 3.7. In a 2x2 VCM, true positives are examples
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Figure 3.7: Visual Confusion Matrix for Radiologist Blind Test. True Positives are when
the blind image was real and was predicted by radiologists as real. False Positives are when
the blind image was synthetic but was predicted as real, False Negatives are when the blind
image was real but predicted as synthetic and True Negatives are when the blind image was
synthetic, and radiologists predicted as synthetic. The white text indicates the predictions
by three radiologists (R1, R2, R3). * represents the image that was in the blind set.
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of images that were real in the blind set, which the radiologists classified as real, false
positives are synthetic images in the blind set, that were classified as real, false negatives
are images that were real but predicted as synthetic, and true negatives are synthetic images
that were correctly predicted to be synthetic. For ease of reference and comparison, we also
show the synthetic/real images corresponding to the real/synthetic images used in the blind
set in Figure 3.7. In this figure, we emphasized the cases where the radiologists’ predictions

were unanimous (except for one example of the mutated false positive).

3.4.6 Cross-Dataset Testing

Qualitative Results

Medical data are often restrictive, and various clinical centers have different data
collection protocols. Therefore, deep-learning models trained on a certain dataset typically
perform badly with other datasets [381, 80]. Thus, for clinical viability, machine learning
models should be generalizable. To address this, we show synthetic tissue generated by T1T-
GAN via training on Dataset A and testing on Dataset B and vice-versa. We compare the
cross-dataset testing with intra-dataset evaluation results in Figure 3.8. To demonstrate the
generalizability of TI-GAN generation, we show the results using cross-dataset testing in
Figure 3.8. We note that by training on Dataset A/B and testing on Dataset B/A, TI-GAN
is still able to generate tumor invasion properties on a diverse set of images. In this figure,
we also show images with high intra-class heterogeneity to show that TI-GAN synthesis is
accurate under a wide array of input conditions. We can see that the quality and diversity

via cross-domain testing are almost at par with the same-domain testing.
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Quantitative Results

For quantitative evaluation of cross-dataset testing results, we provide the image
quality metrics mlS, average FID score, LPIPS, PSNR, and SSIM in Table 3.7 for the
whole image as well as the tumor region, similar to the results shown in Tables 3.3 and 3.4.
We report results for the model trained on Dataset B and tested on Dataset A, and vice
versa. It can be seen that since Dataset A is much smaller in size than Dataset B, the
generalization results are slightly lower. However, the metrics are comparable to same-
dataset testing results, demonstrating the capability of TI-GAN in learning and generalizing
from a very limited dataset. When trained on a larger Dataset B, and tested on Dataset A,
the performance of TI-GAN holds well. We also apply the results of cross-dataset testing on
the downstream task of mutation detection. We perform 5-fold cross-validation mutation
detection where the training data is obtained from the output of cross-dataset testing. We
note that TI-GAN has comparable performance for both datasets as compared to the same
domain testing results (standard TI-GAN setup, Model Std in Table 3.9). These results are

shown in Table 3.9 (Model CT).

3.4.7 Ablation Studies

Qualitative Results

To assess the importance of using local and global context in estimating the tumor
invasion into the surrounding tissue, we demonstrate the results of TI-GAN in Figure 3.9
with both contexts (row 1), without local context (row 2), and without global context

(row 3). For no local context, we withhold tumor growth information from the network by
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inputting only 9heqithy of the tumor, without ¥iumer. For no global context, we train the
model without x. Zooming in, in Figure 3.9 (zoomed), we see that there are deformities in
the skull structure and artifacts surrounding the tumor. This is because the model is unable
to locate from which part of the brain the tumor has been generated - thereby facing a lack of
critical information about the surrounding tissue, the diffusion parameters at that location,
or the relative location of the skull. It can be noted that local context is particularly critical
in estimating the skull region, which makes sense as it contains information about the tumor

core properties and its position with respect to known brain tissue.
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Control Mutated

No Local No Global No Local
Context TI-GAN Context Context TI-GAN

No Global
Context

Figure 3.9: Ablation Study: Comparing the efficacy of TI-GAN (row 1, green, solid) in
modeling the tumor microenvironment without local context (no tumor growth informa-
tion in the form of Yiymor), (shown row 2, orange, dotted) and without global context or
Volumetric Localization Context x (shown row 3, blue, dashed). The first set of three rows
shows the overall brain scan with synthetic tumor invasion, whereas the second set of three
rows zooms into the tumor invasion region for a closer look at the generated results.

Quantitative Results

Similar to the quantitative results presented for previous experiments (image qual-
ity and cross-dataset testing), we report the image quality and diversity metrics for the
ablation studies. We report results on both datasets for training without local and global
context, respectively. Similarly to previous results, we report these results for whole images

and tumor regions. These results are shown in Table 3.8. While results drop when either
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of the contexts are removed, we note that the local context (tumor shape and texture) has
a higher impact than global context since “without local context” results are worse. Thus,
the tumor properties, as well as the volumetric context of tumor play a role in estimation of
tumor invasion. Similar to cross-dataset testing results, we perform 5-fold cross-validation
mutation detection where the training data is obtained from the ablation study models.
These results are shown in Table 3.9. Model L refers to the ablation model with no local
context, and Model G refers to no global context. We note that as compared to standard
TI-GAN mutation detection performance, both Models L and G have lower performance.
Specifically, we note that Model L has the lowest performance as the network does not know

the tumor shape or texture, and therefore has no context about tumor growth patterns.

3.4.8 Data Augmentation using TI-GAN

TI-GAN can also be used as a data augmentation tool. In this case, specifically
for Dataset B as it is highly imbalanced. We use the generated images from TI-GAN to
oversample the minority mutated class of Dataset B and perform mutation detection under
similar conditions to the one reported in Table 3.2. The results for comparative GANs
used as data augmentation instead of TI-GAN are reported for comparison. The baseline
is training on real data with data balance achieved using standard data augmentation
tools such as rotation and flipping. These results are reported in Table 3.10. We see that
comparative GANs have better performance as data augmentation tools than standalone
detection as shown in Table 3.5 since the data augmentation test contains real data in
training which offsets any impact of unrealistic images when trained using only synthetic

images. On the other hand, for TI-GAN, we notice a minor drop in performance. While
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it may not be statistically significant, a small drop may imply that the diversity in tumor
invasion synthesis may be helping detection in Table 3.5 as compared to Table 3.9, where

only a limited number of synthetic samples are used.

Table 3.10: Mutation detection in Dataset B using synthetic data from TI-GAN to bal-
ance the unbalanced real data. We do this by oversampling the minority mutated class.
We compare these results against Standard Data Augmentation (SDA) techniques such as
rotation, flipping, etc., and data balancing using comparative GANs. Metrics are - ACC:
Accuracy, SEN: Sensitivity, SPEC: Specificity, and DIC: Dice Score for IL: Image Level and
PL: Patient Level analyses. The models are trained using an 80-20 patient-wise split of the
data, using a ResNet18 classifier. The metrics reported are mean (standard deviation) over

10 folds.

Input | ACC (PL) ACC (IL) SENS SPEC DICE
Unbalanced Data 78 (13) 72 (15) 63 (12) 82 (08) 68 (11)
Balanced Data (SDA) 81 (09) 78 (12) 73 (08) 86 (08) 70 (10)
TI-GAN 84 (09) 82 (11) 82 (12) 88 (08) 80 (11)

GI 83 (10) 82 (13) 80 (10) 85 (13) 78 (13)
MSG-GAN 82 (11) 78 (12) 72 (14) 84 (09) 76 (11)
PGGAN 78 (09) 73 (11) 74 (13) 80 (10) 73 (12)
WGAN-GP 78 (13) 75 (10) 72 (12) 82 (08) 74 (10)

3.4.9 Limitations of TI-GAN

To analyze the limitations of TI-GAN, we filtered the generated images based on
their SSIM, PSNR, and MSE values. Then, we handpicked examples that showed different
types of error cases. These examples are shown in Figure 3.10. For reference, we also showed
the corresponding training image and the reference real image. From these examples, we
note that in cases where the relative size tumor is very large compared to the overall brain
scan, and/or when the tumor region masked input to TI-GAN has a very large mask - the

TT-GAN does not have sufficient local context to generate a highly accurate and realistic
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Control Mutated

Zoomed Output Real Input to
Real Data Data Data TI-GAN

Zoomed
Output

(a) (b) (c) (d) (e) (@) (b) (c) (d) (e)

Figure 3.10: Failure cases of TI-GAN, identified using various factors such as SSIM, PSNR,
MSE values, and visual inspection. We selected examples of various types of errors seen
during TI-GAN synthesis. Some examples show an incorrect estimation of the skull bound-
ary, whereas some show incorrect CSF or brain tissue estimation. In some cases, we note
that the tumor growth boundary is incorrectly estimated. We see that in many of the cases,
we do not see much local context due to relative tumor size being large and the masking
being extensive. We note from ablation studies that the local context significantly affects
the overall TI-GAN performance - which is also reflected in the failure cases here.
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output. In these cases, since the conditional estimate is not accurate, TI-GAN relies on the
unconditional estimate which can sometimes be a random sampling from all training data
and it does not correlate realistically to the given sample. In Figure 3.10 we also report
the generated images zoomed into the tumor microenvironment to show the lack of realistic
detail in synthesis. As can be seen in Control: images (a), (b), and (e) - the shape of
the skull is completely unrealistic due to the lack of context. The same goes for Mutated:
images (c), (d), (e). For Control image (d), we notice that the tumor growth is incorrectly
estimated, as is the CSF. For the Mutated class, we also note a checkered artifact in the
image (b). A combination of these, in addition to incorrect brain tissue estimation, can be

seen in Control image (c) and Mutated image (a).
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Chapter 4

Searching for Life: End-to-end
Automated Detection and
Characterization of Ediacaran

Biosignatures

4.1 Introduction

The study of the origin, evolution, and distribution of life in the universe is a
central scientific motivation for extraterrestrial exploration and is a top research priority
in NASA’s most recent Decadal Strategy for Planetary Science and Astrobiology [309].
To successfully conduct astrobiological research and to develop frameworks for the robust

detection of signs of life in the rock records of other planets, one must first exhaustively
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study the evolution of life on Earth. Accounting for variability in atmospheric conditions,
gravity, etc., that may influence geological features on other planets, this research could be
translated to other settings (translational research). The first ~3 billion years of Earth’s
history were dominated by simple, single-celled organisms. This early evolution of life on
Earth is preserved within the Precambrian rock record, making it an ideal natural laboratory
for developing search images to guide the recognition of past life on Earth and other planets
and for developing strategies for the detection of potential biosignatures [82, 462, 5, 463,
87, 293, 193, 386]. While body fossils of the single-celled organisms that dominated the
Precambrian Eon provide essential insight into what those organisms were and how they
were preserved [11, 192, 373], the record of the organic mats formed by a consortia of
these simple organisms, namely cyanobacteria, provide a comparatively large number of
sedimentary structures and anactualistic sedimentary features (i.e., features that are not
observed in environmentally analogous successions of the Phanerozoic Eon when organic
mats are rare), such as wrinkle structures, mat chips, and shrinkage cracks, that form via
the interaction of organic mats with physical processes (e.g., erosion, deposition, etc.) [318,
315, 316, 317]. These sedimentological signatures of past microbial life, known as microbially
induced sedimentary structures and textured organic surfaces [315, 131], are common targets
for the identification of potential morphological (i.e., structural) biosignatures that can be
detected in situ [462, 309].

The Adelaide Superbasin of South Australia is well known for its nearly continuous
record of mid-Tonian (ca. 850 Ma) to late Ediacaran (635-539 Ma) marine sediments [273]

that preserve extensive evidence of organic mats [131, 132], providing a useful dataset for
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the identification of potential in situ biosignatures in the form of organic mat induced
sedimentary structures. Within the Adelaide Superbasin, the highest diversity and com-
plexity of organic mat signatures is found within the Ediacara Member of the Rawnsley
Quartzite [131, 130, 93], which consists of 10-300 meters of shallow marine feldspathic
sandstone [129, 420]. Through sedimentological characterization of the Ediacara Member
(555-550 Ma) in Ikara-Flinders Ranges National Park and Nilpena Ediacara National Park
we identify a potential morphological biosignature that is readily identified in macroscopic

imagery and easily tested for biogenicity.

Figure 4.1: Depositional processes and resulting sedimentary packaging in mat-dominated
systems (e.g., the Ediacaran Period) and in depositional systems with no organic mat
growth. A) Deposition of sands on top of mat-bound sediment wherein the original topog-
raphy of the seafloor (1) is not eroded by newly deposited sand (2). Resulting sedimentary
packaging consists of stacked sandstone beds, with no fine-grained interbeds, preserving
rippled tops and bases (i.e., Double Rippled Bedforms). B) Deposition of sands on top
of sediment that is not stabilized by organic mats wherein the original topography of the
seafloor (1) is eroded by newly deposited sand (2); eroded ripple crests are demarcated by
red shading. The absence of an organic mat leads to erosion of ripples and amalgamation of
successive event beds, resulting in amalgamated sandstone event beds bound by erosional
surfaces.
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This potential biosignature, here referred to as Double Rippled Bedforms (DRBs),
is the cross-sectional expression of stacked palimpsest ripples, which occur in successions
of sandstone storm deposits when a younger set of ripples forms on top of an older set of
ripples without eroding or reworking them (Figure 4.1A) [334]. This results in stacks of
bedding planes, representing consecutive storm events, that have rippled bed tops and bot-
toms that appear as double rippled bedforms in cross-section [420]. For palimpsest ripples
to form, pre-existing ripples must be stabilized to prevent their erosion upon deposition of
new sand bodies [378]. In the absence of a stabilizing agent, pre-existing ripples are eroded
by newly deposited sand, resulting in amalgamated beds bound by erosional junctions with
no preserved ripple crests (Figure 4.1B) [420]. Thus, the presence of palimpsest ripples and
their cross-sectional manifestation as DRBSs, necessitates that the sediment was stabilized,
either by organic mats or through low-energy draping of fine-grained sediment on top of
ripples before deposition of subsequent beds [420]. This presents a biogenic and an abio-
genic mechanism for the formation of palimpsest ripples and DRBs. However, abiogenic
formation of palimpsest ripples through the low-energy draping of ripples by fine-grained
siliciclastics is necessarily characterized by the presence of thin layers of fine-grained sed-
iment between doubly rippled sandstone beds. In contrast, palimpsest ripples formed via
the biological stabilization of sediment by organic mats (Figure 4.1A) are characterized by
stacks of discrete, doubly rippled beds of the same lithology (i.e., synlithological) and no
fine-grained interbeds (e.g., Figure 4.2 (top)) [420]. Therefore, the characterization of DRB

grain size can be used as a straightforward method for discerning their biogencity.
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Figure 4.2: Top (dashed): Annotated cross-sectional view of a stack of double-rippled
bedforms (DRBs) from the Ediacara Member. DRBs are labeled by the green bracket.
Individual rippled bed junctions are denoted by blue highlights. DRB thickness, reflecting
the thickness of a single bed bound by non-erosional rippled bed junctions, is denoted by
the red arrow. The yellow bracket denotes length of a single ripple (half-wavelength in DRB
Quantifier) and is defined as the length encompassed by two local low points (trough = t)
surrounding a local high point (crest = c). Scale: 8 cm. Bottom (a-j): Terrain diversity
in our dataset showing variations in lighting conditions, fields-of-view, and artifacts. Scales
a-j: 13 cm.
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DRBs are here identified as a useful potential biosignature due to the clear dis-
tinction between abiogenic and biogenic, and because they are easily recognized as complex
and distinct macroscopic features in standard imagery of geological cross-sections, aligning
with criteria established for highly probable biosignatures [309, 307] and allowing for rapid
and low cost in situ detection of outcrop that has high potential to preserve evidence of past
life. In the Ediacara Member of South Australia, DRBs occur commonly as synlithological
stacks of sandstone beds that are associated with fossilized mat textures on the bases of bed-
ding planes [130, 420]. The absence of fine-grained sediment between DRBs and their close
association with fossilized mat textures in the Ediacara Member establishes these DRBs as
potential definitive signatures of past life [420]. The definitively biogenic DRBs of the Edi-
acara Member can thus be used to establish a search image for this potential biosignature
in other geological units and to develop novel methods for the remote detection of potential
signatures of past life in geologic cross-section. The ability to detect DRBs in imagery of
geological cross-section is ideal for scalable and translational research because this type of
data can be easily collected for any other region on Earth and is similar to the imagery
data collected by the Mastcam-Z on the Mars 2020 Perseverance Rover [121, 40]. Thus,
we propose an end-to-end approach, “Scene-aware Perception Automation using Composite
Embedding for Segmentation” (SPACESeg2.0), for remote detection and characterization of
DRBs using images of biogenic DRBs taken from the Ediacara Member at the Ikara-Flinders
Ranges National Park and the Nilpena Ediacara National Park.

Motivation for SPACESeg2.0: From a computational point of view, automating

the detection of DRBs poses significant challenges. The terrain surrounding and containing
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these DRBs is very diverse, and the relative DRB thickness varies significantly (Figure 4.2).
This issue is compounded by the fact that the images collected from the Ediacara Member
have unknown or widely varying fields-of-view. Furthermore, the dataset is uncurated, i.e., it
has no control parameters over imaging conditions. Thus, it consists of challenging artifacts
such as scale, humans, foliage, and shadows. A few examples of the dataset depicting
the diversity of images and artifacts are shown in Figure 4.2 (bottom, a-j). While this
compounds the complexity of the task, building a robust methodology that tackles these
very practical issues brings us significantly closer to performing translational research on
other geologic cross-sections on Earth, a critical tool for the search for past life on other
rocky planets such as Mars. We developed “Scene-aware Perception Automation using
Composite Embedding for Segmentation” (SPACESeg) [202], a computer vision method for
the automated detection of DRBs while tackling the aforementioned challenges.
SPACESeg2.0 is designed to improve upon the drawbacks of the original SPACE-
Seg model. The goal for SPACESeg and SPACESeg2.0 is to be “scene-aware”, i.e., detect
rippled bed junctions while tackling the issues of varying fields-of-view and imaging con-
ditions. “Perception automation” means the model’s predictions are human perceptible.
For example, computationally, the shadows look a lot like ripples, but a human can dis-
tinguish between them - and so should SPACESeg2.0. SPACESeg2.0, like its predecessor,
has two complementary modules - a rule-based unsupervised technique “ARORA” (Auxil-
iary Representation-based Optimization for Region Activation), that adapts to local terrain
properties to detect perceptually relevant regions and the supervised deep learning model

“BASE-Net” (Boundary-Aware Saliency Encoded segmentation Network), a novel model
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that performs terrain-aware segmentation. The two modules work together to perform
highly accurate bed junction segmentation. Each module of SPACESeg2.0 is optimized
for increased performance over SPACESeg. Compared to SPACESeg, SPACESeg2.0 has
three major modifications: (a) an improved region activation method with adaptive data
augmentation technique incorporated for dual functionality, (b) BASE-Net, a boundary-
aware saliency-encoded segmentation network, and (c) a DRB Quantifier (DRBQ) tool
that performs bed junction characterization via the number of ripples, ripple amplitude,

half-wavelength and distance between successive ripples on each surface, at any resolution.

4.2 Related Work and Contributions

4.2.1 Related Work

Given the increased interest in search for life beyond Earth [309, 5, 307, 111, 465],
a suite of geological features from the Precambrian rock record have been proposed as po-
tentially astrobiologically significant biosignatures to be prioritized in the search for life
on Mars [386]. Many of these proposed biosignatures require microscopy, spectroscopy, or
chemical analyses to be identified in the rock record (i.e., amino acids, carbon isotopes; bio-
genic micro-textures) [386]. Additionally, most of these biosignatures can be produced via
both abiotic and biotic processes, and discerning between an abiogenic and biogenic origin
can require intensive tests including chemical analyses and microscopy [294]. This indi-
cates the need for the identification of a biosignature that is macroscopic, easily detected in
low-cost formats (i.e., imagery), and can be established as biogenic through straightforward

tests (e.g., grain size analysis). DRBs fulfill these criteria. Thus, development of automated
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methods for detection of DRBs is an important next step for the utilization of this form
of sedimentary packaging as a potential biosignature and has the potential to substantially
contribute to the search for life in the universe. In addition to the ability to detect DRBs in
imagery, utilizing Machine Learning (ML) and Computer Vision (CV) methodologies allows
for the remote detection and characterization of the rippled bed junction morphologies that
comprise DRBs. This, supplemented with additional collection of data on the lithology of
the beds, provides a rapid and low-cost mechanism for processing large datasets and for
identifying extraterrestrial outcrops with high potential astrobiological significance.

In astrobiology and geology, ML and CV have a myriad of applications. For
example, research efforts have been dedicated to applying deep learning to characterize
various aspects of Mars topography [92, 45, 303] such as identifying Barchan Dunes [361] or
Martian dust storms [322]. Some researchers have also performed crater detection [102, 395],
rock classification [484] and rock segmentation [267] on Martian surface. In the search
for potential biosignatures, Convolutional Neural Networks (CNNs) have been employed
to distinguish between abiotic and biotic sediment cracks to identify microbially induced
sedimentary structures in imagery in [73]. Semantic segmentation models were proposed to
aid in characterizing sediment core descriptions in [105], and to perform segmentation of
Scanning Electron Microscope (SEM) images of mud rocks in [29]. Characterizing grain size
is a critical part of assessing if DRBs have biotic origins, and some researchers have proposed
deep learning techniques for this task outside the context of DRB detection [398, 285].
However, the task of objectively identifying DRBs remains a problem yet to be solved.

We aim to build a robust methodology that can precisely segment DRBs with varying
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thicknesses and relative sizes while tackling artifacts and other imaging problems. Our goal
is a model that can handle limited datasets while using a low-cost, scalable input modality.

Automated detection of DRBs falls under the semantic segmentation task, a
widely researched area in ML and CV. Aligning most closely are the tasks of bound-
ary detection [232, 18], contour optimization [171, 61, 339] and scene-aware segmenta-
tion [492, 427, 476, 509]. Some applications for boundary or contour detection include
nerve detection [362, 459], crack detection on roads [107, 507, 175, 529], detecting defects in
structures [357, 352], etc. Meanwhile, many real-world applications, specifically in remote
sensing, require complex-scene-aware segmentation [247, 496, 195, 84, 256, 450]. Performing
scene-aware segmentation and boundary detection in our task is complicated by the fact
that our regions of interest are of varying sizes in images that have no set field-of-view or
control over imaging conditions. To this end, we compare our proposed model with some
of the state-of-the-art techniques in deep learning in both scene-aware segmentation and

boundary detection [202, 509, 529, 360, 296].

4.2.2 Contributions

Astrobiological Contributions:

e SPACESeg2.0 performs precise segmentation of DRBs, a highly probable signature of
past life observable in geologic cross-section. To the best of our knowledge, this is the

first end-to-end automated system to remotely detect and characterize DRBs.

e Our proposed model is tested against a varied set of practical imaging conditions,

artifacts, and dataset sizes for improved deployability and scalability.
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e We demonstrate that our model is a robust computational tool that has the potential

to be scaled to other terrains for geological assessment, on and beyond Earth.
Machine Learning Contributions:

e We propose a novel deep network, BASENet, for scene-aware boundary segmentation
with domain-inspired context, loss function and overall design curated to tackle the
challenges of an unbalanced segmentation problem (DRB vs background) on a highly

diverse, limited dataset.

e We develop a plug-and-play terrain-invariant, dual-task module (ARORA) that gen-
erates domain-specific context and performs adaptive, data-driven augmentation for

robust training of the BASENet segmentation model.

e SPACESeg2.0 performs accurate minute-structure segmentation and tackles a plethora
of practical artifacts - outperforming many deep-learning segmentation models for a

varying set of imaging conditions and sample sizes.

4.3 Technical Approach

The task of detecting rippled bed junctions is complicated severely by the varia-
tions in relative ripple size, bed thickness, field-of-view, artifacts, imaging conditions, etc.
Subsequently, the discriminatory feature space required to isolate these rippled bed junc-
tions is high-dimensional. While deep learning techniques excel in modeling non-linear,
complex feature associations - they also fall prey to over- or under-learning due to the chal-

lenging nature of our data. One such challenge is the shadow artifact, which looks very
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Figure 4.3: Overview of SPACESeg2.0 with three plug-and-play modules - the “Auxiliary
Representation-based Optimization for Region Activation” (ARORA) module for Region
Activation and (adaptive) Data Augmentation, the segmentation model “Boundary-Aware
Saliency-Encoded Network” (BASE-Net) for robust, terrain-aware segmentation and the
“DRB Quantifier Tool” (DRBQ) module for characterization of detected potential biosig-
natures. In DRBQ “Characterization”, § (orange): distance between ripples, A (green):
amplitude, A\ (red): half-wavelength and yellow markers: number of ripples.

similar to rippled bed junctions. Another challenge is the high class imbalance, where the
relative ripple size can be as low as < 1% of the image width. To combat this issue, we boot-
strap the deep learning segmentation with an unsupervised augmentation technique. The
unsupervised algorithm ARORA activates the regions with ripples as saliency (similar to an
attention map) - highlighting regions-of-interest, while also performing adaptive data aug-
mentation. The output of ARORA is given as context to BASE-Net, a deep learning-based
segmentation model, along with the augmented dataset. Together, they make a scene-aware
model that rejects perceptually irrelevant features and detects the desired DRBs with high
precision, which are then characterized using the DRBQ. The overview of SPACESeg2.0 is

shown in Figure 4.3.

4.3.1 Problem Formulation

The detection of DRBs is done in two steps: the unsupervised ARORA for training

data augmentation and the segmentation network BASE-Net. Let X be the cross-sectional
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view of stacked DRBs. Let the ground-truth be Y,. Xy is given as an input to the
unsupervised ARORA model. The output of this step is the data-driven context (og) and
the adaptive, information-rich patches (Z). The original image samples (Xj), ripple-rich
patches (Z) and context (o) are then given as input to the deep learning model BASE-Net.
While o acts as external attention or context to the BASE-Net,  are used for adaptive data
augmentation. The output of BASE-Net is Yy, i.e., predicted ripples using SPACESeg2.0.
To characterize the DRBs, we give Y as input to the DRB Quantifier (DRBQ)
tool, which then outputs various statistics such as the number of ripples in a sample (n,),
average half-wavelength of the ripples (A), amplitude (A) and distance between ripples (4).

The detailed technical approach of each step is provided in the following subsections.

4.3.2 Auxiliary Representation-based Optimization for Region Activa-

tion (ARORA).

The first step of SPACESeg2.0 is the unsupervised ARORA module, which aug-
ments the training of the subsequent segmentation module in two ways: (a) Generating
a saliency or attention map (o¢) and, (b) Adaptive training data augmentation through
information-rich (ripple-rich) patches (£). ARORA generates an auxiliary image represen-
tation followed by gradient optimization to highlight the potential regions where the rippled
bed junctions might be present. Subsequently, the regions with the most ripples are utilized
for informed data augmentation of the training set. The inputs to the BASE-Net model are
the ARORA augmented auxiliary image set and attention maps, in addition to the original
training set. The details of the model development of ARORA are provided in this section.

The overview of ARORA is shown in Figure 4.4. While following the same principle as the
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Composite image-based Optimization for Region Activation (CORA) in [202], the auxiliary
representation in ARORA is less resource-intensive and more effective. We demonstrate via

qualitative analysis that ARORA is more robust to artifacts than CORA [202].

J

uoneAnoy uoifey

Pseudo-Image (2) Energy Contour Gradient Optimization Context Image

\ Context Image Binary Mask DRB-rich Patches Resized Patches: Augmented Training Set

Auxiliary Channels

Input Image

uoneluswhny ereq

-

Figure 4.4: Overview of the ARORA module. The dual-tasking ARORA utilizes a pseudo-
image representation to generate data-driven context and perform adaptive data augmen-
tation.

Auxiliary Space Generation: The auxiliary representation is generated to address some
of the biggest concerns of a non-curated imaging set. These issues are variations in light-
ing, shadows, atmospheric conditions, human errors, varying fields-of-view and diversity
in relative ripple size in an image. Exploratory data analysis revealed that some image
representations highlight or suppress one or more of the features of interest. Unlike CORA,
which utilizes Gabor features (scale and orientation) and Fast Fourier Transform (FFT)
features [202], we limit the auxiliary features in ARORA to the spatial domain for faster
processing. For this, we leverage other image spaces and filtering techniques to synthesize

a six-channel Auxiliary Image Representation (AIR). These channels are computed as:

e Channel 1: The first channel is designed to highlight DRB-like structures. A Hessian

is a second-order representation of intensity variations and describes the local curvature.
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Eigenvector decomposition of this can be used in highlighting tubular (i.e., thin, elon-
gated) structures [483, 364]. We perform multi-scale Hessian filtering using the technique
in [364], which shows that if the first and second eigenvalues have low and high positive
value respectively, we can extract the darker boundary-like structures (i.e., rippled bed

junctions).

Channel 2: For the second channel, we aggregate the red-difference and blue-difference
chroma components. These are obtained by subtracting the gamma-compressed Luma
channel from the YCbCr representation. This channel brightens the shadows, normalizing

the terrain lighting.

Channel 3: The third channel is obtained by normalizing the hue of an image with the

saturation (from the HSV color space), which isolates the artifacts of an image.

Channel 4: The fourth channel addresses the intensity inconsistencies in an image by
performing a flat-field correction using a Gaussian kernel with a standard deviation of 5

to estimate the dark regions.

Channel 5: The fifth channel normalizes the dark channel of an image with its saturation,

rejecting the high saturation, high luminescence regions such as measuring artifacts.

Channel 6: The final channel is an entropy filtered image of the flat field normalized

image, with a 9x9 size kernel.

The channels are then subjected to PCA and the first three principal components

are cast onto a 3-channel space to obtain a pseudo-image Z. It should be noted that since
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the AIR channels are obtained using non-linear transformations, the subsequent pseudo-
image Z resides in a mock-RGB color space and is not expected to look realistic. All the
ATR channels and Z are shown in Figure 4.5. These are shown as colorized heatmaps to
aid in visualization. It can be seen that each channel isolates a different attribute of the
image, and the subsequent images cast onto a mock-RGB space (Z) reject the most common

artifacts such as markers, sky, human artifacts, etc. and highlights desired contours.

Output of ARORA (I+0,) Ground-truth

Energy Optimized Contour (u)  Gradient Optimization

waom ek iy 8

AIR Channel 1 AIR Channel 2 AIR Channel 3 AIR Channel 4 AIR Channel 5 AIR Channel 6

Figure 4.5: Visual demonstration of each step of ARORA (top row), each auxiliary channel
of ARORA (bottom row). We show the output of ARORA (o) overlaid on the origi-
nal image for better visualization. This is labeled I + gy3. We follow this representation
throughout, as a binary mask is difficult to interpret.

Fuzzy energy and gradient optimization: To “activate” the regions of interest, we
compute the active contours followed by gradient optimization. Active contour models
(ACM) [216, 359] are widely popular in both region and boundary segmentation tasks.
However, a few drawbacks of ACM models, specifically in extracting object boundaries,
are their sensitivity to initial level-set function and image inhomogeneity, as well as the
non-convexity of the energy function. We address the issue of image inhomogeneity by

utilizing pseudo-image Z instead of the RGB image. To navigate the sensitivity towards

initial level-set functions, we employ the Hybrid and Local Fuzzy Region-edge based Active
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(HLFRA) Contour model [110]. The hybrid and local fuzzy energy terms of HLFRA have
also been shown to be strictly convex, ensuring optimization [110].

We perform fuzzy energy minimization for Z to obtain a region contour u. The
rippled bed junctions are boundary-like structures, residing at the local minima of the
contour. Thus, we compute the second-order gradient for u and the lowest 10% values are
extracted as the predicted DRB regions. The threshold is chosen to deliberately allow over-
activation, to accommodate the wide variations of relative size of the rippled bed junctions
in our images. Here, “relative size” collectively refers to the thickness and cross-sectional
length of individual rippled bed junctions, relative to the height and width of the image.
The region contour (u), gradient optimized image and the final output of ARORA (o) are
shown in Figure 4.5.

Adaptive data-augmentation: The region activated image (op) serves a dual purpose.
In addition to being the context for better training of the segmentation model, it is also used
for informed data augmentation. In many of our images, a large area can be either covered
by artifacts or have no rippled bed junctions at all. Thus, data augmentation techniques
such as cropping, zooming or scaling prove ineffective as they may feed noisy or irrelevant
samples to the segmentation model. To address this, we perform data-driven or informed
augmentation. Such adaptive augmentation has proven highly effective for complex tasks
in our previous work [201]. Since the region-activated image (09) is specifically designed to
address the primary data concerns, we use it to extract information-rich patches (z). Using
the binary mask of op, we find the regions which have the highest density of structures

of interest. We extract patches of random sizes and aspect ratios from these regions and
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re-scale them to 256x256. The field terrains have a high heterogeneity in relative ripple
sizes. Thus, an added benefit of extracting (and re-scaling) random sizes and aspect ratios
of patches is that they reflect this property of the dataset and bolster the training set
with samples of varying magnification and relative ripple size. This makes the subsequent
segmentation model more robust to varying imaging conditions, which is a significant hurdle

in dataset such as ours.

Image Encoder (€;)/Decoder (D;) (MSRB) Pyramid Pooling

Conv2D, Scale 1

Pooling Scale 1

Pooling Scale 2
-
I Pooling Scale 4 .

Fusion Module (FM) Context Encoder (§;)

£ Xi
_ %“H D‘*% )

Image Encoder/Decoder Context Encoder Boundary-Aware Pooling Pyramid Pooling (@) Fusion Module =+ + Down-sample = =» Up-sample  F: Sigmoid

X% fun

X;: Context-fused Image Feature o;: Encoded Context Feature  £;: Encoded Image for FM  §;: Attention Map for FM  ¥; = 12(f;): Decoded Image Feature £, /f o.: Generic Feature In/Out

Figure 4.6: Overview of BASE-Net Architecture (left). Architectures of individual BASE-
Net modules (right).

4.3.3 Boundary-Aware Saliency-Encoded Network (BASE-Net)

The augmented data from ARORA is used to train the Boundary-Aware Saliency-
Encoded segmentation Network (BASE-Net). The underlying model of BASE-Net is the
ResUNet-a architecture [84]. To leverage the distinct properties of the data, while navigat-
ing extreme imaging conditions, we enhance this model through (a) Hierarchical context
fusion for domain-aware segmentation, (b) Boundary Aware Pooling (BAP) to utilize the

structural properties of ripples for improved segmentation, and (c) A loss function that is
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effective for highly unbalanced and edge-dependent segmentation. The overview of BASE-
Net is shown in Figure 4.6. The design choice and workflow of each BASE-Net module are
provided in the following subsections.

Hierarchical Context Fusion: The inputs to the network are the image (Xj) and context
(00). The output is the predicted segmentation map (Yp). At each level of abstraction, the
image features (X;) are enhanced with the context features (o;). The structures of image
encoder (&) and context encoder (S;) are provided in Figure 4.6. Each &; is a multi-
scale residual encoder, which inputs X; and outputs the intermediate image encoding X;.
Similarly, S; takes input ¢; and outputs the context feature map o;+1. For context fusion
with image features, ;41 is passed through a linear layer followed by a sigmoid layer, to
obtain an attention map. A channel-wise product results in a context-embedded image

feature X;41. This process is carried out for all layers, as shown in Eq (4.1) and (4.2).

Xit1 = | (®(Xi,6i11)) = Xi © 6i41 (4.1)

where, ¢ represents the layer number, ® is the channel-wise product, | is the down-sampling
operation and X; is the intermediate image feature (output of &), 6,41 is the attention map,
oi+1 is the context feature (output of S;), X;41 is context-encoded image feature (input to the
(i 4 1) encoding layer) and F(-) is a linear layer followed by sigmoid function. Thus, each
level of abstraction in the encoding process of BASE-Net has inherent context embedding,

which is subsequently propagated through the decoding layers as well. During decoding,
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the context embedded features from the encoding layers (X;1) are decoded using a parallel

residual decoder D;. This process is depicted in Eq (4.3).

T (Di(Xi)), ifi==n.
Yi = (4.3)

T (Di (Yg_l)), otherwise.

where D; represents the it layer of decoder and X,, is image encoded representation from
the final encoding layer and Y;_; is the (i — 1)**-level decoder output.

Hierarchical context fusion provides strong feature associations for boundary-like
segmentation tasks. Augmenting this with multi-scale residual blocks for feature extraction
gives us superior performance in DRB detection.

Multi-scale Residual Blocks (MSRB): Each encoder and decoder module is made of
a multi-scale residual convolution unit. This is the basic unit of ResUNet-a [84], which
we adopt for BASE-Net. Multi-scale features have shown great promise in efficient and
fine-grained segmentation tasks [509, 84, 426, 519, 455]. Here, the multi-scale features are
obtained by varying the dilation rates on convolutional filters, thereby varying the receptive
fields of the subsequent filter bank. For BASE-Net, we use three scales, and an additional
identity path (residual block). Using an identity path helps us avoid the diminishing gradi-
ent problem or training degradation [162]. This property becomes particularly useful when
training on more limited sample sets. The general structure of MSRB is shown in the
Encoders/Decoders module of Figure 4.6 (green). For each encoder/decoder module, we
replace average or max-pooling steps with boundary-aware pooling to improve the detection

of thin, edge-like structures, i.e., rippled bed junctions.
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Boundary-aware pooling: We replace the average or max pooling with a pooling method
that leverages the nature of our structure of interest. In developing boundary-aware models,
inspiration is taken from traditional image sharpening or edge detection in image process-
ing [455, 343, 528]. In our case, since the rippled bed junctions are thin, boundary-like
structures, we mimic the process of edge-boost filtering. To sharpen an image or highlight
its edges, the image is blurred and then subtracted from the original image. We replicate
this process by employing average pooling, followed by upsampling, and subtracting this
feature map from the original feature map. The average pooling downsamples the feature
map by half. By upsampling this, we essentially “blur” the feature map. Subtracting the
“blurred” map from the original effectively “highlights” the edges, which in our case high-
lights the rippled bed junctions. This process is depicted as “Boundary Aware Pooling” in

Figure 4.6 and is computed as shown in Eq (4.4).

fout = fzn - T><2(fin,cwg) (44)

where, f;, is a generic term for any feature input, f;,, 4oy (fiem, in Figure 4.6) is obtained by
average pooling f;, and f,,, is the boundary-aware pooling output.

Pyramid Pooling: Our dataset suffers from highly variable field-of-view terrains. Thus,
global context is a key property, as it can aid in effective scene-parsing. The empirical
receptive field of regular CNNs (even for residual blocks such as ours) is shown to be
low [518]. While global average pooling is most commonly used for incorporating global
context, it does not suffice for complex scenes [509]. To this end, a hierarchical global

contextual prior called the pyramid pooling layer was proposed in [161], which improved
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the scene-parsing capabilities of a model. This layer computes and concatenates the highest-
level feature maps at various scales, then fed to a 3x3 convolution layer. Two such pooling
layers are used in BASE-Net, one each at the end of encoding and decoding hierarchies. The
general architecture of this layer is shown as the “Pyramid Pooling” block in Figure 4.6.

Loss Function: The desired structures to be segmented often occupy a small fraction
of the image. The loss function of BASENet should address this and adapt to our highly
unbalanced (DRB to terrain ratio) segmentation task. Losses such as weighted cross-entropy
and Dice loss are often used, but they suffer from optimization difficulty and gradient
explosion, respectively [4]. To this end, we utilize the Focal-Tversky Loss (FTL) [4]. The
Tversky index is a generalization of the Dice and Jaccard coefficients, as shown in Eq (4.5),
where TP are True Positives, FP are False Positives, FN are False Negatives and TN are
True Negatives. By tuning the parameters o and 5, we can either weigh FPs or FNs
more, thereby forcing the model to focus on more hard-to-segment examples. The FTL is
a generalization of this metric, defined in Eq (4.6). This loss term helps us in achieving

fine-grained segmentation in a highly unbalanced segmentation task [4, 188].

TP
TI_TP+axFN+BxFP (4.5)
Lrr=) (1-TI) (4.6)

where the value of « is 0.7, 8 is 0.3 and v is 1.33. We set the value of « higher than
B to penalize the FNs more, which has been shown to be effective in tackling high class

imbalance [4]. The value of v > 1 is chosen so that the loss function has higher gradient for
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the harder examples, i.e., more minute ripples. The impact of these parameters is reflected

in our performance (Table 4.1 and 4.2 in Results section).

4.3.4 DRB Quantifier

The DRB Quantifier is a tool built to extract rippled bed junctions from an image
and compute their characterizing statistics. We compute four metrics for each rippled
surface detected in each cross-sectional image. The description of each metric is provided
below, and a visual depiction of each metric is shown in Figure 4.7. Per Figure 4.7, the
DRB consist of two rippled bed junctions, and the metrics are computed for each of the
two. These are exported to an XLS file. The statistics provided by the DRBQ allows
for the quantification of mat-related ripple muting. This phenomenon has been described
from the Ediacara Member of South Australia wherein the extent of mat development
corresponds to the height and width of preserved ripples [420, 93]. Well-developed mats
“mute” the rippled surfaces by growing over originally formed ripples and filling in the ripple
troughs. This results in ripples with a shorter crest-to-trough height and corresponding
shorter half-wavelengths and shorter average amplitude values. Distances between ripple
crests and the number of ripples on a surface relate to the spacing of ripples on a bedding
plane which broadly correspond to the energy level of the system at the time of ripple
formation. The four metrics provided by the DRBQ are, therefore, useful for estimating
extent of mat development and system energy from cross-sectional views alone. Thus,
these statistics provide additional information beyond just the identification of the potential
presence of fossilized evidence of life which are generally not able to be ascertained without

excavation of the bedding planes, serving as an essential tool for remote investigations.
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With increasing number of data samples, these characteristics could be a quantified with

increasing confidence.

n,: Number of ripples

—
M (1) \/-I\_ & : Distance between
ol e — A ripples (cm)
— A
- (2) \// 1 A : Amplitude (mm)

<> \:Half-wavelength (cm)

Figure 4.7: Overview of the DRB Quantifier Tool

(a) Half-wavelength (\): We compute the half-wavelength as the distance between two
consecutive local minima (ripple trough), encompassing a local maxima (ripple crest). This
is shown as the red measure in Figure 4.7. The local maxima and minima are computed
using first and second-order gradients of the ripple curve and computed for each individual
ripple.

(b) Amplitude of each ripple (A): The amplitude of each ripple crest is computed as
the height of the crest from the average height of the ripple. Since there is no definitive
universal reference point, we report amplitude as a relative measure. This is shown as the
green measure in Figure 4.7.

(c) Distance between ripple crests (¢): This value is computed between consecutive
crests on a single rippled bed junction. This is shown as the orange measure in Figure 4.7.
Since the ripple size is variable, even on the same rippled surface, we report this metric
separately from the half-wavelength. If all the ripples were perfectly symmetric/sinusoidal,
the distance between crests would be the same as the half-wavelength.

(d) Number of ripples per surface: This shows how many ripple crests are present on

every bed junction.
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4.4 Experiments and Results

4.4.1 Dataset: Description and Pre-processing

We used two cohorts of data for our experiments in this work. The images were
collected by our team from outcroppings of the Ediacara Member in the Ikara-Flinders
Ranges National Park and the Nilpena Ediacara National Park in South Australia. The only
control parameter on the imaging was that the pictures be cross-sectional views. Beyond
that, no control parameters were assigned to mitigate any natural artifacts and noise in the
data. Thus, we ensure that the data is realistic and developing our model on such extensive
and robust conditions only elevates the practicality of SPACESeg2.0. For analysis on the
DRBQ), only images with known field-of-view were used - so that the ripple characterization
can be done in standardized measurement units. Assuming that the horizontal field-of-view
is V cm, and the original size of the image is h x w x 3, the scaling factor to convert a
metric to standard units (cms) will be V}, /w.

The first cohort consists of 657 images. Of these images, 594 images had known
field-of-view. The resolution of these images ranges from 24 pixels/cm to 225 pixels/cm. The
field-of-view of these images ranges from 17.8cm to 166.7cm. The second cohort is a much
smaller cohort of 27 images, which was used in [202]. Of these images, 23 images had known
field-of-view. The resolution of these images ranges from 0.7pixels/cm to 265pixels/cm. The
field-of-view of these images ranges from 6.6cm to 75.3cm. Cohort B is included for fair
comparison between SPACESeg2.0 and [202] as well as to demonstrate the robustness and

efficacy of SPACESeg2.0 in tackling a highly diverse and very limited dataset.
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Pre-processing: To focus on sedimentological features that are geologically significant, we
excluded bed junctions in which <2% of the length of the entire cross-section had ripple-like
features, preventing the inclusion of bed plane irregularities that are not ripples. Owing to
the varying fields-of-view, we did not levy such restriction upon the relative width of the
ripple. Images are resized to 256x256 before training. For the comparative models, data
augmentation as performed in their respective papers, if any, were used [360, 509, 529, 296,
202] for Cohort A. Irrespective of the original implementation, oversampling via random
cropping and scaling were performed for Cohort B for all comparative models due to the
limited size of the dataset, to improve performance. For SPACESeg2.0, we used ARORA

for adaptive data augmentation.

4.4.2 Experimental Setup

Brief technical details and training parameters for SPACESeg2.0 are included in
this section. The results are compared with various deep-learning segmentation models.
Auxiliary Representation-based Optimization for Region Activation: To compute
the energy contours, the weight for hybrid energy is 0.5 and local energy is 1 [110]. The
second-order gradient is minimized with a threshold allowing the lowest 10% of the values.
The subsequent binary masks of the contours are then filtered based on their relative area
(less than 1% are removed), aspect ratio (excluded if the width of each individual detected
structure is less than five times its length), and orientation (any structure over 45° is
excluded). The final detected structures, as binary masks, are used as context for BASE-
Net and also used for the data augmentation step of ARORA. For the data augmentation

path of ARORA, we vary the aspect ratio (width/height) of patches between 0.25 to 4 in
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intervals of 0.25. The scale is varied from 0.5 to 2 in intervals of 0.5. The size of the patches
can vary anywhere from a fifth of the width of the image to half the width. All the above
thresholds and ratios were empirically chosen to reflect realistic fields-of-view and relative
ripple size for a majority of images. Thus, the resultant patches are ripple-rich, but with
random relative size and field-of-view. This adds to the robustness of the model, allowing
it to learn to detect ripples irrespective of aspect ratio, scale, and resolution. Four patches
are extracted per training image for Cohort A and 10 patches are extracted per training
image for Cohort B since it is a limited set.

Boundary-Aware Saliency-Encoded Network: All the images, augmentation patches,
and context masks are resized to 256x256 before training. The dataset is divided into 80%
data for training and validation, and the remaining 20% is used for blind testing. We also
report the results of the model trained on Cohort A and tested on Cohort B, to demonstrate
the generalizability of SPACESeg2.0. For training, we employ the Adam optimizer with a
learning rate of 0.0001. The training is done for 200 epochs, and 5-fold cross-validation is
performed.

Comparative methods: We compare our results with UNet [360], PSPNet [509], Deep-
Crack [529], ESPNet [296] and SPACESeg [202]. These models were chosen for comparison
for three reasons: (a) due to their extensive use in remote sensing applications, (b) they
are all suited for boundary-like and highly unbalanced segmentation, and, (c) all of these
methods (except UNet) use some form of multi-scale processing, which allows for a fair
comparison with our model. Here, segmentation is unbalanced because the DRBs occupy

a small fraction as opposed to the background. We use the same training and testing data
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for training all these models for consistency in comparison. We use the configurations from
the respective publications, fine-tuning where necessary to improve performance.

For DRBQ: The horizontal field-of-view is used to convert the metrics from pixel space to
centimeters (cm). The lowest detectable height of an individual ripple (Aj,ip) is 0.1mm and
the peaks are computed over a sliding window encompassing 10% of the image at a time.
These values are used for reporting the results in this work, but can be modified based on

the granularity of analysis desired in an application.

4.4.3 Qualitative Results

Overall Performance: For the qualitative results, we compared the results of SPACE-
Seg2.0 with PSPNet [509], DeepCrack [529], ESPNet [296], and SPACESeg [202] (Fig-
ure 4.8). From our experiments, we noted that UNet demonstrated low performance (see
quantitative results in Section 4.4.4), and it is, therefore, excluded from the qualitative
results. For Cohort A, we note that ESPNet suffers from errors in a lot of the more
difficult-to-recognize DRBs, such as the ones that look similar to the terrain. Meanwhile,
DeepCrack has high precision but misses several rippled bed junctions. For Cohort B, we
note that the lack of data affects DeepCrack and ESPNet, and they show the same behavior
of low recall (in DeepCrack) and over-segmentation (in ESPNet). For both cohorts, PSPNet
outperforms ESPNet and DeepCrack in general detection of DRBs, but does not perform
well for more difficult terrains, as can be seen in Figure 4.8. We note that SPACESeg2.0

outperforms all the models for both cohorts, including our previous SPACESeg [202].
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Original Image Ground-truth PSPNet DeepCrack ESPNet SPACESeg SPACESeg2.0

(3a) (2a) (1a)
Cohort A

(4a)

(5a)

Cohort B

Figure 4.8: Performance of SPACESeg2.0 in detecting DRBs, compared with the perfor-
mance of PSPNet, DeepCrack, ESPNet, and SPACESeg. Results reported for Cohort A
and B. The images are chosen to demonstrate a range of number and size of rippled bed
junctions. It can be seen that SPACESeg2.0 is robust to over- and under-segmentation
compared with other models.
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Difficult Terrains: As established, our data faces a lot of practical challenges in terms
of terrain variability. The artifacts include (but are not limited to) shadows, measuring
markers, humans, lighting conditions, and landscape artifacts such as shrubs and sky. To
demonstrate the robustness of SPACESeg2.0 in tackling these issues, we report the perfor-
mance on difficult terrains and compare our results with PSPNet, DeepCrack, ESPNet, and
SPACESeg. The difficulty of a terrain is subjective, and in this case, we evaluate difficulty
empirically based on the length of rippled bed junctions, relative DRB thickness, varied
lighting, and/or extent of artifacts. Some examples are shown in Figure 4.9. Image (1)
consists of thin DRBs and is affected by shrubs, debris and the sky as artifacts. Image (2)
has DRBs that are surrounded by very similar looking terrain, which makes it difficult to
see them. Images (3) and (4) have very thin DRBs which are strongly affected by lighting
conditions as well as shadows. Image (5) has shadows, debris and human artifact. Image
(6) does not have a traditional cross-sectional view, while consisting of very thin DRBs, sky,
shrubs and debris. It can be seen that even in cases of less distinct junctions, SPACESeg2.0
outperforms all the other methods.

Cross-cohort Testing: As a test of generalizability and scalability, we report the perfor-
mance of SPACESeg2.0 trained on Cohort A and tested on Cohort B. We compare these
results with all the other models and the results are shown in Figure 4.10. It can be seen
that SPACESeg2.0 is still able to extract desired DRBs. SPACESeg [202] performs second
best, with some failure cases in difficult terrains like Images (3), (4) and (6). We do not
report the results with training on Cohort B and testing on A due to the limited size of

Cohort B.
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Original Image DeepCrack ESPNet SPACESeg SPACESeg2.0

Figure 4.10: Cross-testing performance of SPACESeg2.0 in detecting DRBs from Cohort B,
when trained using Cohort A. Comparison with PSPNet, DeepCrack, ESPNet, SPACESeg.

4.4.4 Quantitative Results

For all of the algorithms compared, we report the accuracy (ACC), Balanced
Accuracy (BAC), Precision (PREC), Recall (REC), Dice/F1-score (F1), IoU/Jaccard Score
(JSC), BFSC Score (BFSC), and Hausdorff Distance (HD). We compute these metrics
to evaluate SPACESeg2.0 and compare with UNet [360], PSPNet [509], ESPNet [296],
DeepCrack [529] and SPACESeg [202]. Table 4.1 and Table 4.2 include these results for
Cohort A and B, respectively. The metrics are defined as follows, where TP is number
of True Positives (rippled bed junctions classified as rippled bed junctions), FP is number
of False Positives (background classified as rippled bed junctions), TN is number of True
Negatives (background classified as background), FN is number of False Negatives (rippled

bed junctions classified as background).
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Extracted Ripples Half-wavelength (A) Amplitude (A) Dist. b/w Ripples (8) Num. of Peaks (n,)

Prediction (c)

Ground-truth (c)

Figure 4.11: Results showing metrics computed using the DRBQ module. The results using
ground-truth ripples are also shown as reference to evaluate the precision of segmentation
results of SPACESeg2.0. A high degree of similarity with ground-truth statistics means
that SPACESeg2.0 can be used for DRB characterization. For cases with complex DRB
such as (c¢), we note that the plots don’t match exactly, but the range of values for each
metric is consistent - which is key in characterization.

Accuracy (ACC): Measures the proportion of all pixels that were correctly segmented, and
is computed as (TP4+TN)/(TP+TN+FP+FN).

Balanced Accuracy (BAC): An arithmetic mean of the true positive rate and true negative
rate, this computes the average performance of each class. We report this metric since our

classes are imbalanced (more background than DRBs), and accuracy can be high even when

fewer DRBs are detected.
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Precision (PRE): The proportion of total positive predictions that were correctly predicted,;
calculated as (TP)/(TP+FP). This metric reflects how many pixels segmented as rippled
bed junctions are actually rippled bed junctions.

Recall (REC): Measures what proportion of actual positives were correctly predicted, com-
puted as (TP)/(TP+FN). It means of all rippled bed junctions, how many were detected
correctly.

Dice or F1 Score (F1): Useful in evaluating unbalanced segmentation, it is the harmonic
mean of precision and recall, computed as (2*TP)/(2*TP+FP+FN). It is a combined mea-
sure of how many rippled bed junctions were segmented, and how precisely.

IoU or Jaccard Similarity Score (JSC): A similarity metric, which measures the proportion
of true positives over all the true and predicted positives, computed as the intersection
over union between ground-truth and predicted for each class, TP/(TP+FP+FN). Here, it
means of all the real and predicted rippled bed junctions, how many are actually present.
Boundary F1 Score (BFSC): Proposed in [75], BFSC is a type of Fl-score, computed as
a contour matching score by finding the boundary of the binary maps. We use the same
implementation as in [75]. This metric is important here because the rippled bed junctions
are thin boundary-like structures and a contour matching score better reflects the model
performance.

Hausdorff Distance (HD): This measures the distance between two point sets and is reported
as an indicator of the highest error in segmentation [23]. The formula for HD is given as:

HD(X.Y) = mas (max min [l — ylla. max max [l — y|l)
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For the larger Cohort A (Table 4.2), most models have similar accuracy, and the difference
in performance can be seen from the balanced accuracy, F1 and Jaccard scores. For the lim-
ited Cohort B (Table 4.2), most models have higher recall. This means they sacrifice “exact”
detection in favor of “more” detection. This is because the number of samples are limited,
and the models do not have enough data to learn from, causing over-segmentation. Deep-
Crack has high precision even for Cohort B, but suffers from low recall, which means that it
detects rippled bed junctions without over-segmentation, but often misses some due to this
phenomenon - causing lower recall in the process. For all these models, it can be seen that
balanced accuracy is lower than accuracy, implying that one class is favored over the other.
Most models report better performance for the larger Cohort A - indicating the importance
of dataset size. We note that SPACESeg2.0 has the most consistent performance among
all models for both cohort sizes. Compared with SPACESeg2.0, DeepCrack has higher
precision in Cohort A and UNet has similar recall in Cohort B. However, SPACESeg2.0
outperforms both models in other metrics, suggesting that the high precision in DeepCrack

is due to under-segmentation whereas high recall in UNet is due to over-segmentation.

4.4.5 DRB Quantifier

The DRBQ inputs the output of BASE-Net and computes various metrics to char-
acterize the ripples comprising the DRBs. Currently, we report the half-wavelength, am-
plitude, distance between ripple crests and number of crests per rippled bed junction. The
output of DRBQ is shown in Figure 4.11. For increasing number of rippled bed junctions
(images a to ¢), we show the performance of DRBQ in extracting the various ripple char-

acteristics. For reference, we also report the metrics computed using the ground-truths of
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the same images. It can be noted that these metrics are similar for SPACESeg2.0 predicted
and ground-truthed surfaces. For the more complex Image (c), even though the distribution
is not exactly the same for all statistics, we note that the prediction and ground-truth lie
within similar measurement ranges (in mm) for all the metrics. If the predicted metrics are
similar to the ground-truth statistics, this implies that SPACESeg2.0 can be employed for

DRB characterization. The extracted ripples and the metrics for each ripple are shown in

Figure 4.11.

Original Image Ground Truth PSO5 HLFRA HLFRA+GO CORA ARORA

Figure 4.12: Ablation study demonstrating the impact of the Auxiliary Image Representa-
tion (AIR) in detecting difficult rippled bed junctions. The results are compared against
other unsupervised techniques. ARORA employs HLFRA method with Gradient Optimiza-
tion (GO). The impact of AIR can be seen when HLFRA+GO uses an RGB image input
instead of AIR input. Meanwhile, CORA [202] uses a different technique to compute AIR
and a different active contour optimization. It can be seen that ARORA is more robust
against complex imaging conditions than CORA, such as in image 3, where CORA cannot
identify many regions of interest due to the complexity of the terrain. In images 4 and 5,
where the rippled bed junctions are finer and closer together, there is clumping in CORA,
whereas ARORA can tackle it. In isolated beds such as in images 1 and 2, we note that
CORA highlights the marker artifact as well, which ARORA almost fully mitigates.
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Ground-truth Original

No Context

No BCAP

SPACESeg2.0

Figure 4.13: Ablation study demonstrating the effect of Hierarchical Context Fusion and
Boundary or Context Aware Pooling (BCAP) on detecting rippled bed junctions, compared
against the full model. The results without context are obtained by training BASE-Net
without context input and the results without BCAP are obtained by training BASE-Net
without both boundary-aware and pyramid pooling. Images are chosen for cases with higher
number of bed junctions that are close together and/or images with bed junctions that look
like the terrain.

4.4.6 Ablation Study

Impact of Auxiliary Image Representation (AIR): It can be argued that contour
optimization followed by gradient optimization should activate desired regions without the
use of the AIR. In this section, we report the results of ARORA compared with standalone
contour optimization using HLFRA, region detection using HLFRA followed by Gradient
Optimization (HLFRA+GO), the SPACESeg counterpart of ARORA (CORA), and the
ARORA module. Additionally, we report a baseline performance using clustering using
Particle Swarm Optimization (PSO) technique. Unlike [202], we perform a five-class clus-

tering as opposed to three for PSO, as this five-class cluster showed better performance
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among various number of clusters. The parameters for optimization for HLFRA and HL-
FRA+GO are the same as for ARORA, the only difference being the AIR. The parameters
for CORA are the same as used in [202]. Figure 4.12 shows the results for each method,
and examples are chosen from both cohorts. It can be seen that for non-AIR samples, PSO
and HLFRA methods show high dependency on imaging conditions such as intensity dif-
ference between DRB-rich cross-sections and background, lighting conditions, etc. Without
the AIR, when the DRB-rich cross-sections are the center of focus of the image (images (c)
and (d)), it can be seen that HLFRA, HLFRA+GO, and CORA all fail whereas ARORA
can still reject most artifacts and focus on the correct region. While PSO performs well
here, we can see that it does poorly for images (a), (b) and (e). We note that ARORA
(i.e., AIR+HLFRA+GO) is the only consistent technique to extract the ripples in difficult
terrains, of which AIR is a significant step.

Impact of Context Embedding in BASE-Net: We report an ablation study demon-
strating the impact of context fusion on the detection results of BASE-Net. For this analysis,
the BASE-Net is trained using the same configuration as Figure 4.6, only without context.
The results are reported in the “No Context” column of Figure 4.13. We note that for
difficult terrains, the lack of context causes one of two kinds of errors: over-segmentation
in the presence of too much debris (images a and b), and under-segmentation with differ-
ent imaging (focus) settings (images d and f). For all images a-f, we also note that there
is an error in segmenting rippled bed junctions that look similar to the surrounding ter-
rain. BASE-Net performs better under all these conditions, establishing the importance of

including context.
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Impact of Boundary and Context Aware Pooling: For the same set of images, we also
report results demonstrating the effect of Boundary and Context Aware Pooling (BCAP)
in BASE-Net. The “No BCAP” row in Figure 4.13 shows the results when BASE-Net is
trained with all the same configurations except the BAP and pyramid pooling layers, both
of which are replaced by global average pooling. It can be seen that for all images, the
segmentation is coarser when we do not use BAP and pyramid pooling. Additionally, some
of the rippled bed junctions that look similar to the rock sample (images b and e) are not

segmented. Thus, these pooling layers help us achieve more fine-grained segmentation.
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Chapter 5

Novel Body-based Biometrics for
Human Recognition under

Extreme Imaging Conditions

Human recognition plays a crucial role in various applications, including surveil-
lance, security, and retail analytics. It involves matching individuals across different camera
views and times, despite variations in their appearance due to factors such as lighting, pose,
and occlusions. One particularly challenging aspect of human recognition is the variability
in clothing, as individuals often change their attire between observations. The task is fur-
ther complicated by many challenges such as imaging distance, sensing platform and camera
orientation, articulation of the human body and its pose variations, occlusion, atmospheric

turbulence, and many other distortions.
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For image-based person RelD, color is by far the most commonly used modality.
It is a low-cost, ubiquitous modality that is rich in visual cues. It can also be used easily
with existing recognition backbones. While it has the significant advantage of being an
appearance-based biometric, it can also be its biggest disadvantage. In images with high
distortions, RGB modality has significant drawbacks. In images, where the face is not
visible, RGB images have to rely heavily on identifying a human from shape or clothing.
When there is a change in clothing, RGB modality suffers from errors. Even for similar
clothing, yet high extent of imaging distortions, the lack of reliable facial attributes causes
a lot of errors.

To mitigate these, shape-based features such as silhouettes or a person’s skeletal
information are commonly used. Independent of color and texture information, they provide
robust performance in clothing-changing scenarios and are fairly robust to lighting and en-
vironmental changes. However, due to the same lack of color and texture information, they
suffer from lower discriminatory power. Furthermore, they do not provide accurate pose
estimation on their own and are affected by camera orientation, as the image perspective
changes.

Pose-based features estimate body joints to identify a person. These features have
benefits over shape-based features as they are robust to clothing and environmental changes
and can tackle partial occlusions. However, in cases of articulation, atmospheric turbulence,
or imaging elevation, these methods suffer greatly.

Recently, 3D body-based biometrics has been gaining traction. It offers robustness

to clothing changes, camera angle variations, and environmental distortions. It is well-suited
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for dynamic environments with pose variations and provides enhanced discriminative power
for structural features. Its ability to estimate depth and spatial relationships makes it
more reliable in complex multi-view systems and in scenarios where traditional 2D methods
struggle. However, current models are computationally intensive, while also being heavily
affected by occlusion, articulation, the weight of the person, and low image resolution. As
these are very common challenges of any human recognition task, 3D models still have a

ways to go before becoming a commonly used component of a biometrics system.

Figure 5.1: Examples depicting the robustness of ORB across various challenging imaging
conditions. (a-c) Indoor examples, with pose variations, articulation, and camera elevation.
(d-e) Similar poses, with and without articulation at 200m imaging distance. (f) Similar ar-
ticulation, extreme imaging condition for imaging range of 500m. (g-h) Close-range outdoor
imaging, with walking, articulation, and occlusion. (i-j) Pose variation, with lighting and
turbulence challenges at a 100m distance. (k-1) Similar pose, with extreme imaging chal-
lenges such as turbulence and occlusion at varying imaging distances of 400m and 200m,
respectively. (m-n) Examples of controlled indoor walking video frames used in the gallery.
Images (a-c) and (m,n) are indoor, set 1 clothing gallery images. Images (d-1) are outdoor
set 2 clothing probe images. All images are taken from the BRIAR dataset. The subject
has authorized the use of their images.
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Most human recognition or person relD methods focus on developing sophisticated
backbone recognition models, with adaptive attention mechanisms, transformer-based fea-
ture extraction, hierarchical processing, multi-task learning, self-supervision, etc. to im-
prove performance. While these are effective, they also have an upper limit on how discrim-
inatory their feature space is, limiting their performance. Only RGB or pose input has a
limit on how identity-preserving it can be, and a recognition model can leverage that upper
limit only. To that end, many researchers focus on multi-modal fusion, where multiple input
modalities are used to perform recognition. On the other hand, some researchers employ
super-resolution or generative models to improve the input to the recognition model. While
these are sometimes effective, they also levy a resource overhead for a limited improve-
ment in performance. We propose developing a better input modality that outperforms
any appearance or shape-based biometric, that is compatible with any existing recognition
model. Furthermore, this modality can be used in a plug-and-play fashion to improve the
performance of any existing multi-modal fusion model.

In this work, we propose a unified body-based biometric, called the Outfit Regu-
larizing Biometric (ORB), built as an extension to our previously proposed By represen-
tation [200]. ORB is designed to leverage the benefits of the aforementioned representations
to generate a singular, robust body-based biometric. ORB uses the appearance information
from RGB, as well as the soft biometric information such as hair and skin color. It also
incorporates a novel shape-based representation, Bgge; proposed in [200] that estimates the
human skeleton from single-frame binary silhouettes of a person. ORB performs human

parsing to localize and group the various body parts and attire, and subsequently devel-
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ops an auxiliary image that consists of solely identity-preserving features of a person. We
demonstrate that ORB is robust to significant imaging challenges such as clothing change,
environment change (indoor-to-outdoor), imaging range variation, etc. ORB is fast to com-
pute, and we demonstrate using standard transformer-based recognition backbones that
it significantly outperforms the state-of-the-art appearance-based (RGB), and shape-based
(Bsker) modalities. While not only being the best standalone modality, we also demonstrate
that ORB fused with RGB and By (TransFuse) achieves state-of-the-art (or near SOTA)
performance on datasets such as BRIAR, PRCC, VC Clothes, and Celeb RelD. By focusing
on inherent and enduring physical attributes, our method aims to provide a more reliable
and robust solution to the problem of person re-identification, even when there are sig-
nificant clothing changes between observations. Some examples of the robustness of ORB

representation are shown in Figure 5.1.

(c) (d) (e) (a) Silhouette Extraction
using CropFormer

(b) Distance Transform +
Difference of Gaussians

Silhouette
(c) Body Localization Image

(d) Human Parsing

(e) Label Grouping for
Attire Isolation Distance

Transform

(DTx) Image

(f) Outfit Regularizing
Biometric (ORB)

Figure 5.2: Left: Overview of the computational pipeline for the Outfit Regularizing Bio-
metric (ORB). A description for each step is provided in the technical section. Right:
Details on the computation of shape-based biometric used in Step (b) “Distance Transform
+ Difference of Gaussians” of ORB computation. While D, is used in ORB computation,
Bgkel, a fusion of Dy and Dyg is used as an additional modality in some experiments during
score fusion in image matching.
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5.1 Related Work and Contributions

5.1.1 Related Work

Imaging Challenges: In addition to the significant challenge of changing clothes, the task
of human recognition and person re-ID is heavily affected by challenges such as imaging
range, camera elevation, turbulence, articulation, varying pose, etc. Many approaches have
been proposed, that tackle these challenges separately. For example, some work has been
proposed to perform activity recognition [392, 140, 347, 16|, to tackle the challenge of
articulation and aid in recognition. Recognition under occlusion has been of interest to many
researchers recently [314, 458, 448, 282]. Many approaches have been proposed towards pose
invariant recognition [410, 504, 349]. Approaches such as [177, 264, 522] tackle the challenge
of whole-body recognition under imaging distance and elevation, while research has also been
directed towards emulating atmospheric conditions to tackle this challenge [50, 66, 304]. The
BRIAR challenge [74] has developed a dataset that consists of all these challenges, including
changing clothes. The task is to perform indoor (gallery) to outdoor (probe) matching -
another significant challenge. Approaches have been proposed in this challenge that use
pose information [410, 504, 349, 405, 370], 3D models [504, 523], gait-based models [145,
523], appearance-based models [145, 522], and shape-based models [410, 301, 145, 266, 522,
200]. There has been work towards the use of generative models to augment recognition
performance [504, 436, 489].

We note that in most of the above cases, the approaches focus on developing
highly sophisticated backbone architectures. Alternatively, we propose that generating

a more effective, robust, input feature representation that can replace or augment RGB
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inputs can be another way forward in effective clothes-changing (and distortion-invariant)
recognition. We demonstrate that existing recognition backbones can provide state-of-the-
art performance by augmentation via a better input modality. To that end, we propose
an Outfit Regularizing Biometric (ORB) that is a unified representation consisting of the
most identity-preserving attributes of appearance-based RGB, shape-based measures from
silhouettes [200], and soft biometrics.

Clothing-change RelD: Traditional RelD approaches primarily rely on appearance-
based features from RGB images. The use of deep networks (mainly, CNNs) has become
increasingly popular in recent years, making them the current primary setup for human
recognition [479]. More recently, transformers have been used for the same [371]. While
these methods demonstrate high accuracy when the clothing remains consistent, their per-
formance dramatically deteriorates in scenarios involving clothes-changing [252]. To that
end, there has been a great deal of research towards extracting discriminative features from
clothing, accessories, and background cues and performing efficient human recognition un-
der clothes-changing conditions [77, 265, 154, 85]. While many of these works focus on
using RGB input to perform their task [141, 409, 508, 178, 179], several works have used
auxiliary information to bolster the results [141, 173, 154, 487].

Using auxiliary information addresses the limitations of only appearance-based
methods by utilizing extra information obtained via pose estimation [28, 313, 342, 173].
Some techniques utilize shape-based features [6, 253, 254, 197, 173, 144]. While promising,
these methods are often sensitive to inaccuracies in pose or body shape estimation, especially

in occluded or crowded scenes. Many approaches use additional information such as clothes
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ID to significantly improve recognition performance [141, 154, 487, 77]. However, this is
contingent upon the availability of the clothing ID of every subject under every view - which
is not always possible.

Another emerging direction in clothes-changing RelD research is the use of 3D
features [57, 265]. Some methods also employ fusion with depth-based features [211, 245]
or infrared features with RGB [62, 447, 467]. These methods provide greater invariance
to appearance changes but are often constrained by the availability of depth or additional

sensor data and the high complexity of 3D model reconstruction.

5.1.2 Contributions

e A novel shape-based biometric from single-frame binary silhouettes that roughly estimates
the human skeleton. We report experiments that quantitatively demonstrate it to be
robust to distortions like limited frames, imaging distance, change in environment, and
changing clothes.

e We propose a novel unified body biometric (ORB) that integrates the enduring, identity-
preserving attributes of standard shape- and appearance-based body representations into
a single, robust, body biometric.

e We report experiments that quantitatively demonstrate that ORB is robust to distortions
like changing clothes, imaging distance, change in environment, pose, articulation, camera
elevation, and atmospheric turbulence.

e The proposed ORB and TransFuse (fusion of transformers) are fast, modular, and com-
pact, and can be used individually or as plug-and-play modules with other approaches to

bootstrap performance of long-range human recognition.
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Figure 5.3: Overview of the TransFuse recognition pipeline. Each recognition backbone
is made up of a Swin transformer (which can be replaced with any SOTA recognition
network). The optimization function details are provided in the technical section. For image
matching, image-level matching is done for all public datasets (image-based datasets). For
the video-based BRIAR dataset, the image matching protocol is provided in Figure 5.4.
Each recognition channel (until cosine score computation) can be added or removed as
needed, making the overall pipeline plug-and-play, and modular.

5.2 Technical Approach

Figure 5.2 provides an overview of the biometric computation pipeline, whereas
Figure 5.3 provides the overall recognition pipeline. We begin by isolating the parts and
using the semantic knowledge to isolate the body biometric information and replacing the
noisy information with shape biometric information to generate the new novel biometric.
We then use a fusion of these biometrics to perform aggregated recognition. The details of

each part are provided below.
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5.2.1 Outfit Regularizing Biometric (ORB)

(a) Silhouette Extraction: The first step consists of extracting the silhouette of the
human, as shown in Figure 5.2-a. To do this, we first perform human detection using
YOLOv5. This is followed by silhouette extraction using CropFormer [341]. We used
YOLOVS5 to strike a balance between speed and accuracy for larger datasets, although this
step can be replaced with newer methods. The extracted silhouette is used for two steps in
ORB computation: (1) It is used to localize the body in the RGB frame (ref. Figure 5.2-c).
This removes any noise pertaining to the surroundings and only keeps the human body
in focus, and (2) it is used to compute the robust shape-based biometric, Bgke;, which
estimates a rough skeleton of the body and is scale-invariant [200]. The computed Bgge; is
subsequently used as the shape attribute in ORB.

(b) Computation of Shape Representation: The shape representation used is Bgge
as proposed by us in [200], and is shown in Figure 5.2-b. To obtain this, we compute the
distance transform (DTx) of the binary silhouette, followed by computing the Difference-
of-Gaussians pyramid. This provides coarse information on the human body joints. The
computation of the DoG pyramid involves hierarchical scaling and blurring using a set of
Gaussian kernels, varied at a preset scaling factor. For the pyramid in this implementation,
we employ 3 scales (representing the standard deviation (sigma) value of Gaussian kernels)
and 3 octaves (representing the input image resolution) [419]. This results in a 9-image
DoG pyramid. It is demonstrated in [200], that the fusion of the lowest (Dg) and highest
(Do) resolution images of this pyramid gave the optimal recognition performance (Bgge

in [200]). While we use Bgke in our fusion model in recognition as one of the standalone
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modalities, for the computation of ORB, we pick the image on the pyramid which is the
same resolution as the original image (D4) as shown in Figure 5.2 (right).

(¢) Body Localization: We isolate the human body from the RGB image or frame
by extracting the bounding box of the silhouette, followed by a pixel-wise product of the
original image with the binary silhouette.

(d) Human Parsing: The next step in ORB computation is identifying the attire of a
person. To do that, we employ the SCHP model proposed in [249]. Evaluating the three
main datasets for human parsing, LIP [257], ATR [258], and Pascal [59], we noted that
SCHP does not isolate clothing on Pascal, which is key to our task. Between ATR and LIP,
LIP is geared towards more real-life complex scenarios whereas ATR focuses on fashion Al.
Furthermore, LIP has 50000+ images compared to 17000+ for ATR. LIP has 20 labels for
ATR’s 18 labels. Thus, we chose the model trained on the LIP dataset for our application.
The 20 labels for LIP are: ‘Background: 0’, ‘Hat: 1°, ‘Hair: 2’, ‘Glove: 3’, ‘Sunglasses:
4’, ‘Upper-clothes: 5’, ‘Dress: 6’, ‘Coat: 7, ‘Socks: 8’, ‘Pants: 9’, ‘Jumpsuits: 10’, ‘Scarf:
11°, ‘Skirt: 12°, ‘Face: 13’, ‘Left-arm: 14’, ‘Right-arm: 15’, ‘Left-leg: 16’, ‘Right-leg: 17°,
‘Left-shoe: 18’, ‘Right-shoe: 19’. This is followed by label grouping for body part isolation.
(e) Label Grouping: In this step, we suppress the labels for attire (1, 3, 4, 5, 6, 7, 8, 9,
10, 11, 12, 18, 19: group 1) and emphasize the labels for body parts (2, 13, 14, 15, 16, 17:
group 2). For this, we set the background pixels to 0, group 1 labels to 128, and group 2
labels to 255. The subsequent image obtained is as shown in Figure 5.2-e.

(f) ORB Computation: The suppressed pixels in the label grouping are replaced with

the estimated Bgpe; representation as the original resolution (Dy). The highlighted pixels
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of the label-grouped images are replaced with the original RGB image. Thus, the ORB
representation tackles the clothing change issue by replacing these attributes with a ro-
bust, distortion-invariant shape biometric while preserving the original appearance-based
attribute of the face, arms, and legs. Furthermore, ORB indirectly integrates soft biometrics
via skin and hair color. This leads to ORB being a more optimized feature representation
that only preserves the identity-preserving features of any person while suppressing the

others. The overall pipeline is shown in Figure 5.2.

5.2.2 Recognition Backbone

(a) Data Augmentation: Data augmentation is a key factor in enhancing the robust-
ness of model training. It is essential that the data augmentations used accurately reflect
the challenges posed by the dataset, especially for outdoor datasets such as BRIAR and
Celeb RelD. To this end, we employ a variety of augmentation techniques, including linear
transformations such as shear and translation, perspective transformations, and random
erasing. Additionally, we implement a custom augmentation method inspired by [200],
which randomly applies dilation or erosion to specific regions of the body. We hypothesize
that each of these augmentations addresses particular challenges identified in the training
data. For example, random body part erosion simulates effects like image distortion, while
random erasing is intended to mimic occlusion. Similarly, perspective and shear transfor-
mations are designed to reflect real-world scenarios, such as camera movement or variations
in the camera’s pitch angle. Through these targeted augmentations, we aim to improve the

model’s ability to generalize across a variety of real-world scenarios.
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(b) Recognition Backbone: The next step is feature extraction using the recogni-
tion backbone. We employ Swin Transformers [270], with their hierarchical structure and
attention mechanisms, as they are particularly adept at modeling both local and global
dependencies in images. Compared to traditional CNNs, Swin transformers have many
advantages. Compared to the limited receptive fields in CNNs, Swin has a better global
contextual understanding due to the self-attention mechanism. The hierarchical approach
of Swin cuts down on computational costs while maintaining efficiency. Compared to CNNs
and other transformers, Swin has a sliding window approach that allows for a flexible at-
tention mechanism. This provides Swin with the capability to model longer-range feature
associations. We report the results of Swin-based performance in ablation studies and com-
pare it with other backbones to establish its efficacy. For our overall recognition pipeline,
in addition to the unified ORB representation, we also use the purely appearance-based
RGB and shape-based By representations. We use separate feature extraction Swin per
representation and fuse the scores for overall recognition. This overall pipeline will hence-
forth be referred to as “IransFuse”. By assigning a separate Swin Transformer to each
representation, the pipeline can learn distinct, representation-specific patterns, enhancing
its ability to extract relevant features for recognition. This multi-branch approach ensures
that the network integrates complementary information from the different representations,
leading to more robust and accurate recognition performance. We establish this property
of the pipeline in our Experiments and Results section.

(¢) Optimization Function: Given the complexity of the data, there tends to be signifi-

cant diversity within the latent space. To address this challenge, we propose a loss function
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that employs multi-objective optimization. The first component is an absolute loss, specif-
ically the cross-entropy loss, which helps the classifier distinguish between different classes.
This loss is represented by Eq (5.1). For more challenging cases, where embeddings from the
same class are dispersed or embeddings from different classes are closer together, we incor-
porate additional loss terms to address both the absolute distance between pairs of points
and the distance between triplets of points. The second component is a pairwise loss, where
we use contrastive loss [227], which has proven effective in separating embeddings of differ-
ent classes and clustering those from the same class. The corresponding equation is shown
in Eq (5.2) The third component is an angular loss [451], which we prefer over the tradi-
tional triplet loss [166]. Angular loss is both scale- and rotation-invariant, as it optimizes
cosine distance between the data points. This makes it particularly suitable for handling
the re-scaling of input data features. Additionally, while triplet loss only considers two
sides of a triplet triangle, angular loss leverages all three, providing a more comprehensive
metric [451]. Angular loss also enables faster convergence, as it narrows the margin search
to a smaller angular space, making it more scalable for complex data. The equation for
angular loss is provided in Eq (5.3). The complete loss function for our proposed model is
outlined in Eq (5.4). During training, the three loss terms are weighed equally. We compute

the L2 norm of each embedding before computing the loss.

Log = Z (i - log(9:)) (5.1)

z;€B

1 +
Leon = 37 > [Ii,j N, illy + (1= Lig) - [a = |z, 2], ] } (5.2)
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Lang = % Z log[l + Z exp(fapn) (5.3)

za€B Tn€B
YnFYa,Yp
1
L= § . (ECE + ﬁcon + £ang) (54)

where, fopn = 4tan?0(zq + vp) 2y — 2(1 + tan?0)zlz,, yi is true label, g is predicted
label, zj is the embedding vector for sample k, samples a,p and n are the anchor, positive
and negative respectively, « is the margin for contrastive loss, 6 is the margin for angular
loss, B is the batch, I; ; is the indicator function that is 1 if i = j, else -1.

(d) Image Matching: We use cosine distance for image search and matching. For all
public datasets, which are image-based datasets, we compute a gallery to probe matching
for all individual pairs. For the video-based BRIAR data, we perform gallery aggregation
before performing matching. We aggregate embeddings across all gallery stills and sequences
by averaging to obtain a single gallery embedding for each subject. For probes, we compute
image-level embeddings independently. If the probe inputs are videos rather than images, we
aggregate all frame-level embeddings to generate one embedding per probe video. However,
in this work, we match each probe frame individually. It is important to note that the
term “single-frame” in our approach refers to the input and explicitly indicates that no
temporal information is utilized. Since our proposed approach at its core is still an image-
based pipeline, we treat each frame separately during both training and evaluation. The
aggregation technique for both the gallery and probes is generalizable beyond the proposed
approach. The image-matching process for BRIAR is shown in Figure 5.4. This process

saves significantly on resources.
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Figure 5.4: Gallery aggregation and probe video aggregation process in image matching
step for the BRIAR data. For the public datasets, simple image-to-image matching is done
as they are image-based datasets.

5.3 Experiments and Results

5.3.1 Datasets Used

(a) PRCC: PRCC is the most commonly used dataset for changing clothes-based person
re-identification [485]. The PRCC dataset comprises 33,698 images of 221 distinct identities.
The dataset is structured to test Re-ID systems under realistic conditions where clothing
changes occur. Specifically, images from Cameras A and B feature the same individuals
in identical clothing but captured in different rooms, while Camera C presents the same
individuals in different outfits on different days.

(b) Celeb-RelD: This dataset consists of street snapshots of celebrities from the inter-
net [180]. It consists of 34,186 images with 1,052 subjects. In addition to clothing change,
this dataset also suffers from imaging distortions and pose variations.

(c) VC-Clothes: This data is a synthetic clothes-changing dataset generated using GTA5

game [445]. It features 512 identities captured across 4 scenes/cameras, with each identity
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having an average of nine images per scene, totaling 19,060 images. The dataset is split
evenly between 256 identities for training and 256 for testing, with about 1-3 outfit changes
per subject.

(d) BRIAR: TARPA’s Biometric Recognition and Identification at Altitude and Range
(BRIAR) dataset [74] is aimed towards tackling the challenges of human recognition under
extreme imaging conditions. The recognition task of BRIAR is complex since it is an indoor
gallery to outdoor probe matching task, with clothes changed between the gallery and probe.
The dataset contains videos captured at distances varying from 100m (indoor/outdoor) to
1000m (outdoor). While the dataset is aimed towards identifying individuals from high
altitudes or at long ranges, it has significant other challenges such as clothing change,
occlusion, pose variation, atmospheric turbulence, UAV viewpoint, and articulation. In
this work, we report the results of the BRIAR evaluation protocol EP3.1 and 4.2, while the
models are trained on all training subsets released (BRS1, 1.1, 2, 3, and 4). Additionally,
we report results on individual imaging modalities using the most recently released subsets
(BRS3 and 4), including ablation studies results.

BRIAR Data Preparation: The BRAIR dataset consists of controlled stills and controlled
indoor videos for gallery, and unconstrained outdoor videos for probes. In order to achieve
optimal performance with the least amount of training data, we perform range-based sam-
pling of the training data. We use all the gallery stills (108 images) and evenly sample 50
frames for controlled gallery videos. For the probe videos, this protocol is particularly effec-
tive, as the number of videos is unequal for shorter and longer ranges. Thus, we ensure 150

frames per range per subject. For example, if a subject has 5 videos at the 1000m distance,
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we evenly sample 30 frames per video for all 5 videos. This ensures appropriate diversity
across all ranges for all subjects. For BRS1-4 subsets, we have a total of 743 subjects, which

results in approx. 1000-1400 images per subject.

5.3.2 Experimental Setup

TransFuse Results: Benchmark Datasets

Table 5.1 shows the results of the proposed model for changing clothes and general
setups of the PRCC dataset, compared with the state-of-the-art models. We see that
the TransFuse model achieves results comparable to SOTA. When the backbone Swin is
replaced with MGN [449] backbone, we note that we achieve the best SOTA results. This
demonstrates that ORB is compatible with any existing recognition backbone, similar to
RGB. Table 5.2 shows the results using TransFuse for the same using the VC-Clothes and
Celeb-RelD datasets. For VC-Clothes, we report results using the general setup across all
cameras, the same clothing setup (between cameras 2 and 3), and changing clothes setup
(between cameras 3 and 4). We see that for both VC-Clothes and Celeb-RelD, we achieve
SOTA /near-SOTA comparable performance with TransFuse. We note that across all the
datasets, ORB has a very strong standalone performance, and fusion via TransFuse has
SOTA or near SOTA performance.

For a more in-depth analysis, in Table 5.3, we show the performance comparison
of ORB, RGB, and B, modalities using the Swin backbone. We report the performance

of each standalone modality and its various fusion metrics. We demonstrate that while
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Table 5.3: Performance of individual modalities and their fusion across all public datasets
using Swin backbone (TransFuse). Bold represents the key performance trend to observe,
whereas Italics represent the overall TransFuse results.

Modalities PRCC SC PRCC CC VC-Clothes SC || VC-Clothes CC
Rank-1 | mAP || Rank-1 | mAP || Rank-1 mAP Rank-1 mAP
RGB 99.95 | 99.43 43.3 44.7 96.47 94.88 72.94 74.06
Bt 56.41 29.87 28.3 17.4 40.78 23.69 47.84 26.39
ORB 86.45 75.30 52.0 44.8 94.90 91.48 83.14 79.49
All three H 100 \ 99.6 H 58.6 \ 55.7 H 96.07 \ 94.37 H 88.28 \ 85.79

RGB has strong performance for the same clothing setting, ORB significantly outperforms
RGB modality for the clothing change setting. This shows that in similar clothing settings,
RGB also does color matching on clothing which is unavailable for cloth-changing settings
- leaving only biometric features to be analyzed. In such cases, the proposed ORB has a

much better performance, outperforming RGB by almost 8-11%.

TransFuse Results: BRIAR Dataset

We set up the evaluation of the BRIAR dataset in two ways. The first setup uses
the two latest released subsets of the BRIAR training data (BRS 3 and 4). This consists
of 363 subjects, with 273 subjects in training and 90 in testing. We report the results of
various input modalities (ORB, Bk, and RGB), the robustness of the proposed method
towards changing clothes, changing environment, and across varying imaging ranges. The
second setup is the standard BRIAR task, with training performed using all 5 released
BRIAR training subsets (BRS 1, 1.1, 2, 3, and 4), and evaluation done on Phase 1 and
Phase 2 evaluation protocols by ORNL (EP3.1 and EP4.2, respectively). Since the primary
goal of our proposed biometric is recognition under extreme conditions, for both protocols,
we focus on the Face-Restricted Treatment (FRT) subsets. The FRT subsets of any BRIAR

evaluation protocol are defined by probes where less than 1% of the face is visible in each
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frame of a video, thereby severely limiting the dependency on purely appearance-based
biometric matching. For EP3.1, the test set consists of data from 4 BRIAR testing subsets
(BTS1, 1.1, 2, and 3), whereas EP4.2 also additionally contains data from BTS4. For the
FRT subset, verification is the most important metric, with Phase 1 focusing on TAR @

1% FAR and Phase 2 focusing on TAR @ 0.1 % FAR.

Table 5.4: Performance of individual modalities and their fusion on the most recent BRIAR
subsets (BRS 3 and 4). This consists of 363 subjects, with 273 subjects in training and
90 in testing. Bold represents the best overall performance, and Underline represents best
standalone modality. SL: Score-level Fusion. Matching is done on the standard BRIAR
task, with set 1 clothing indoor data as gallery and set 2 clothing outdoor data as probe.

Input | Rankl Rank5 Rank20
2:70 18.97  44.44 77.45
Dy 19.17  44.84 78.28
RGB 26.61 58.27 85.39
ORB 4419  77.13 94.06
Birer (SL) 19.72 4557 79.03

Byt + RGB'(SL) | 3280 6458  91.20
RGB + ORB (SL) | 4424  76.18  95.22
Byl + ORB (SL) | 3952 71.50  93.57

All three (SL) | 44.81 76.85  95.90

Table 5.4 reports the results of the first evaluation setup of BRIAR across various
imaging modalities and their subsequent fusion. We note that ORB significantly outper-
forms RGB modality. We also note that unlike public datasets, the fusion of all three modal-
ities performs the best for BRIAR (instead of only ORB and RGB), due to the extremely
challenging nature of the data, where By learns crucial complementary information. In
fact, a key observation here is that the fusion of RGB and Bgge; gives the biggest boost
from their respective individual modalities than any other pair-wise fusion. This is because
appearance and shape features are inherently completely complimentary, unlike ORB which

has information from both. Table 5.5 contains the results of TransFuse for the closed-set
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Table 5.5: BRIAR Evaluation Protocol Results for EP3.1 and EP4.2. The metrics of interest
are closed-set Rank-20 performance, and verification performances - TAR @ 1% for EP3.1,
and TAR @ 0.1% FAR for EP4.2. The target metric for the Face Restricted Treatment
(FRT') subset for verification is provided in (bold, parenthesis).

Input [ Rank-20  TAR@1% FAR TAR@O0.1% FAR

EP3.1 76.5 53.5 (50) 19.7
EP42 | 777 55.2 24.0 (50)

detection and verification tasks under EP3.1 and 4.2 protocols. Figure 5.5 shows the plots
for the same. The first half has the verification and closed-set plots for EP3.1, and the
second half shows plots for EP4.2. EP3.1 consists of 8136 probes, whereas EP4.2 contains
7642 probes. In this section, for both evaluation setups, the gallery is indoor data with Set

1 clothing, and the probe is outdoor data with Set 2 clothing, the standard BRIAR setup.

EP3.1 Verification Performance EP3.1 Closed Set Performance EP4.2 Verification Performance EP4.2 Closed Set Performance

Receiver Operating Characteristics: Face Restricted Closed Set CMC: Face Restricted Receiver Operating Characteristics: Face Restricted Closed Set CMC: Face Restricted

True Accept Rate
True Accept Rate
Identification Rate

False Accept Rate Rank False Accept Rate : Rank

Figure 5.5: Plots and trends for the performance of TransFuse on BRIAR’s standard Eval-
uation Protocols (EP) EP3.1 (for Phase 1) and EP4.2 (for Phase 2). They represent the
plots for verification and closed-set performance on the face-restricted subset of BRIAR.
The first two plots are results for the EP3.1 protocol, while the remaining two represent
performance on EP4.2.

(a) Robustness to Clothing Change: We use the most recent subsets of BRIAR to
isolate the impact of clothing change artifacts. We isolate the clothing change by performing
an indoor-to-indoor matching, across both sets of clothing. Thus, we use the Set 1 clothing
gallery images as the gallery, and Set 2 clothing gallery images as the probe. Since the

indoor images of BRIAR data are captured under similar conditions for both clothing, this
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removes any other variables in the imaging such as imaging distortions. The results for this
experiment are given in Table 5.6. We note that ORB significantly outperforms RGB in
this setup, establishing ORB’s efficacy in clothing change recognition. We note that the
fusion of other modalities with ORB still provides a noticeable improvement in the overall

performance.

Table 5.6: Impact of changing clothes on the recognition task. Experiment done on a subset
of 363 subjects from BRIAR, indoor-indoor matching, with changing clothes between gallery
and probe. Train/test split: 273/90 subjects. SL: Score-level fusion. Bold represents the
best overall performance, and Underline represents the best standalone modality.

Input | Rankl Rank5 Rank20
Dy 38.09 65.40 88.56
Dg 38.87 66.86 89.33

RGB 47.91 70.37 91.59

ORB 68.64 87.67 94.99

Bgker (SL) 39.79 66.90 89.38

Bkt + RGB'(SL) | 5832  81.68  93.99
ORB + By (SL) | 66.71 8542  94.64
ORB + RGB (SL) | 6828  86.64  96.06

All three (SL) | 71.31 _87.95  95.49

(b) Robustness to Environment Change: We isolate the environment change aspect
of the BRIAR data, to evaluate the efficacy of the proposed ORB under indoor-to-outdoor
matching task. Towards this, we use Set 1 clothing indoor data as the gallery and Set 1
clothing outdoor data as the probe. The results are reported in Table 5.7. We note that in
this case, RGB outperforms ORB. This is because there is no clothing change, and so when
the face is not visible, RGB can still match pixels on the clothing to ensure a match. We note
that this is not a robust method for matching, as it can be seen that under unconstrained
conditions (Table 5.4), ORB has a distinct advantage.

(c) Robustness to Imaging Distance: To evaluate the robustness of the proposed

representation across varying imaging ranges, we split the probes into ranges of <100m
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Table 5.7: Impact of a changing environment (indoor gallery to outdoor probes) with similar
set clothing for RGB images. Experiments are done on a subset of 363 subjects from BRIAR
data, with 273 subjects in training and 90 subjects in evaluation. Bold represents the best
overall performance, and Underline represents the best standalone modality.

Input | Rankl Rank5 Rank20
Dy 36.51 63.10 85.48
Dg 36.84 63.09 85.25
RGB 90.46 97.61 99.45
ORB 67.49 86.22 95.97
Borer (SL) 3787 6431  86.12

Byl + RGB'(SL) | 87.25  96.48  99.21
ORB + By (SL) | 65.69 8453  95.28
ORB + RGB (SL) | 58.31  87.56  96.19

All three (SL) 89.25  97.00 _ 99.45

(close-range), 100-300m, and 300-600m, and UAV /long-range (over 600m). We use the
same gallery (indoor, set 1 clothing) to evaluate performance on these various probes. The
results are reported in Table 5.8. It can be seen that ORB consistently, and significantly
outperforms all other modalities. This is a significant characteristic of ORB that makes it

a highly effective and robust biometric.

Table 5.8: Results with varying ranges using TransFuse. The model is trained on all ranges
and evaluated for varying ranges of probes. The number of probe frames in close-range
were 5663, in 100-300m were 11,732, in 300-600m were 10,727, and in long-range/UAV were
6015. Bold represents the best performance.

Input || Test Set | Rankl Rank5 Rank20
RGB Close-range 29.50 64.93 89.01
100-300m 29.82 62.95 87.20
300-600m 22.79 51.15 82.77
UAV /Long-range | 24.44 55.54 82.94
Bel Close-range 31.52 57.02 82.78
100-300m 25.23 53.82 83.45
300-600m 9.52 32.18 72.88
UAV/Long-range | 16.01 42.43 77.87
ORB Close-range 51.37 83.19 96.02
100-300m 49.78 80.95 96.26
300-600m 34.05 69.20 91.45
UAV/Long-range | 44.47 77.82 92.17

(d) Robustness of Bske to limited video frames: Here, we report the performance
of our single-frame model compared to the performance of state-of-the-art gait recognition

models when a limited number of frames are available. For Gait3D dataset [514], per-
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formance is reported when limited frames are used in training and testing for three gait
recognition algorithms, SMPLGait [514], GaitSet [54] and GaitPart [106]. We report these
results when either training or evaluation data used 10 frames each, and compare with our
single-frame approach. A similar study was conducted for OU-MVLP dataset [490]. We
report this analysis for the authors’ model in [490] and GaitSet for 5 and 10 frames in
training. These results are reported in Table 5.9. We report only Rank-1 accuracies for
consistency with [514] and [490]. For OU-MVLP dataset, we note that our model has com-
parable performance to the top method. For the more complex Gait3D dataset, except for
SMPLGait trained on 10 frames, our model significantly outperforms all models by nearly
7% and 33% for limited frames in training and testing, respectively, demonstrating the ef-
ficacy of our model even with a single frame. These results are reported in [200], where

recognition backbone used is HRNet.

5.3.3 Ablation Studies

(a) Varying Recognition Backbone: In this section, we establish the efficacy of using
the Swin transformer as our recognition backbone. For a fair comparison, we evaluate the
performance on various backbones using RGB, but not ORB. This is to ensure that we
compare our results using ORB against the best-performing RGB backbone. We perform
comparisons using ResNet50, HRNet30, and Swin. We use the same loss function as re-
ported in Section 5.2.2 (¢ -optimization function) for all models. We use the BRIAR data
for this analysis, as it is the most challenging dataset in our evaluation. We note that Swin

model outperforms all the other models.
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Table 5.9: Performance of Gait Algorithms using limited number of frames, for Gait3D and
OU-MVLP datasets vs SSRNet that uses only single frame. Results for comparative models
are from [514] for Gait3D and [490] for OU-MVLP. SL: Score-level fusion. Top results are
Underlined, our best results are in Bold.

Input ‘ Model Rank 1
Limited Frames: Gait3D Dataset

10 frames GaitPart 19.10
(Training) GaitSet 32.90
SMPLGait 40.90
10 frames GaitPart 4.50
(Testing) GaitSet 6.40
SMPLGait 6.80

Bgsker (SL) SSRNet 40.05

Limited Frames: OU-MVLP Dataset
5 frames | Yao et. al. [490] 78.0

(Training) GaitSet 69.8
10 frames | Yao et. al. [490] 78.1
(Training) GaitSet 72.2
Bgrer (SL) SSRNet 76.88

Table 5.10: Experiments to determine the optimal backbone. Experiments were conducted
on RGB modality, using 363 Briar subjects (273 in training, and 90 in evaluation). Bold
represents the best performance.

Backbone ‘ Rankl Rank5 Rank20
ResNet50 25.67 57.83 84.83
HRNet-30 25.01 51.53 85.35

Swin Transformer | 26.61 58.27 85.39
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(b) Varying Aggregation Techniques: We utilized a range of techniques for both
feature-level and score-level fusion. In the case of feature-level fusion, we combined the
feature embeddings from each modality—mamely ORB, RGB, and Bgpe—right before the
matching score was computed. For the score-level fusion, we explored a variety of methods,
such as multiplying the individual scores from each modality, selecting the maximum score
from the available modalities, and aggregating the scores in different ways. Through exper-
imentation, we found that score-level fusion using the mean of the scores provided the best

overall performance.

Table 5.11: Experiments to determine the optimal fusion technique. Experiments were
conducted on the fusion of ORB, RGB, and By, using 363 Briar subjects (273 in training,
and 90 in evaluation). Bold represents the best performance.

Fusion Method ‘ Rankl Rank5 Rank20
Feature-level 44.42 73.88 93.72
Score-level (prod) 39.94 66.81 82.40

Score-level (max) 39.28 73.22 94.80
Score-level (sum) | 44.81 76.85 95.90

5.3.4 Training and Inference Detalils

Resource Utilization: The speed of computing Bgke on a CPU is about 12-15 im-
ages/sec. When using a NVIDIA GeForce RTX 3080 GPU, the overall time to process
a single RGB frame to obtain ORB representation is <0.5s. One of the benefits of our
proposed approach and the proposed unified biometric (ORB) is that the embedding size is
very small that allows for faster computations. The overall speed of template matching and
template size are important criteria in the BRIAR evaluation protocol. In the proposed

configuration of TransFuse, the embedding size is 1024 per modality (approx. 4KB), and
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each gallery and probe embedding utilizes a size of about 12KB. The BRIAR requirement
for a max template size is < 1MB, which is much higher than our embedding size. When
computing on NVIDIA GeForce RTX 3080 GPU, the speed to compute embeddings per
modality is < 0.02s and that for image matching is greater than 2500 probes/sec.
Training and Computation Details: To extract silhouettes from RGB videos of the
BRIAR dataset, we first use YOLOv5 for human detection to identify bounding boxes.
Then, we employ CropFormer to obtain the silhouettes. The BRIAR dataset is large-scale,
so we chose YOLOV5 to balance speed and accuracy. For computing the distance transform,
we apply a 5x5 mask with the L2 distance metric. To generate the Difference of Gaussians
(DoG) images, we start with a Gaussian kernel with o=1 for the first of three scales, scaling
it by a factor of 1/2" for the subsequent scales. The input size for the Swin Transformer is
224x224, while for the MGN backbone, it is 128x384.

To maintain the aspect ratio of subjects within tight bounding boxes, we use
resizing with padding instead of standard resizing. A separate recognition backbone is
trained for each input image modality. For example, when fusing RGB and ORB, two
networks are used. Separate models are trained for each modality because: (1) Modularity:
This approach allows for any feature to be applied in a “plug-and-play” fashion as needed
without additional dependencies, and (2) Performance: Through experiments with early
input-level fusion, late-stage feature fusion, and score-level fusion, we found that score-level
fusion yielded the best performance. Each dataset is trained using its own training data,
given the different recognition tasks. We use the base Swin model, training it for 120 epochs

and selecting the model with the lowest loss. The training process uses the Adam optimizer,
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a learning rate of 0.001, and a cosine learning rate scheduler [274]. The loss function and
data augmentations are described in previous sections. For data augmentations, we employ
random erasing with a 0.4 probability, horizontal flipping with a 0.5 probability, and shear,
translation, and perspective transforms with a 0.2 probability each. Random erosion and
dilation are applied with a 0.25 probability. We use a batch size of 24 and an embedding
size of 1024. The MGN model is trained for 1000 epochs, with a MultiStepLLR scheduler
with steps at 300 and 600. We set an initial learning rate of be-4 with a batch size of 4 per

ID. For score-level fusion, we assign equal weights to each score.

5.3.5 Failure Cases

In this subsection, we discuss the examples where each of the modalities fails,
using BRIAR data as case points. We show examples where the final prediction is incorrect
based on errors due to one or two modalities. The examples are shown in Figure 5.6. For
Image (1), we see that the subject is turned away from the camera, which causes the RGB
(appearance-based) modality to fail. It also has a camera elevation, which causes the shape-
based Bk to fail. However, we note that the ORB modality has the correct prediction.
In Image (2), we note that RGB can detect the person correctly but ORB fails. This is
potentially due to suboptimal parsing (where the face and hair pixels appear distorted). A
similar error due to parsing can be seen in Image (3), where we note Bgpe has the correct
prediction but we can see that ORB does not detect the head of the person at all, thereby
preventing it from learning any soft biometric features (red hair). RGB image suffers from
illumination and pose issues, thereby having a wrong prediction. For the fourth image, we

see that due to the camera elevation, the shape-based By suffers adversely, and becomes
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the only modality to fail. In the fifth image, we see that RGB is the only modality with
incorrect prediction. In this case, except for the face turned around, the pose of the person
is not complicated, and the image does not suffer from significant distortions. This implies
that the most likely cause of this error is clothing change from gallery to probe. For the last
image, we note that the image suffers from a high level of distortion, despite which RGB
has the correct prediction. Furthermore, even though the camera has a slight elevation,
shape-based Bgie; has correct prediction too. This image represents a clear failure case of

ORB, which can be improved in future works.
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Chapter 6

Novel Sampling Strategy for
Diverse and New Protein
Conformation Synthesis using

Generative Deep Networks

6.1 Introduction

Sampling protein conformations is a crucial tool in biology and medicine, with
applications in structure prediction, protein-protein interactions, and targeted therapies.
Characterizing the biological properties of proteins, as they pertain to their structure and
dynamics, is a critical part of many biomedical tasks, such as drug discovery. Sampling

from protein conformations allows us to predict protein function and, subsequently, their
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utility. Traditionally, computational methods such as molecular dynamic (MD) simulations
have been the gold standard for protein conformation sampling. Although effective, these
techniques suffer from many drawbacks such as high computational costs, difficulty escaping
local energy, and limited temporal resolution [241, 376, 239]. Deep learning has shown re-
markable performance in learning nonlinear feature associations on large-scale data, making
it ideal for studying protein structures. Recently, many efforts have been dedicated to em-
ploying machine and deep learning techniques to understand protein properties [33, 51, 443],
protein-protein interactions [397, 396, 47|, protein structure generation [124, 10, 432], etc.
Some models, such as AlphaFold2 [209], have shown remarkable performance in generat-
ing desired protein structures. One limitation of this model is that it does not sufficiently
capture the dynamic nature of proteins to generate novel conformations. One particu-
larly challenging target is Amyloid-beta 42 (A542), an Intrinsically Disordered Protein
(IDP) strongly implicated in the pathogenesis of Alzheimer’s disease. A542’s propensity to
misfold and aggregate into insoluble fibrils makes it a key focus in the study of neurode-
generative diseases. Understanding and generating novel, stable A42 conformations could
significantly contribute to drug discovery efforts, offering insights into the peptide’s misfold-
ing pathways and identifying new therapeutic strategies. Despite advancements in protein
structure prediction and design, the challenge of generating novel A542 conformations per-
sists due to the peptide’s high conformational flexibility and aggregation tendencies. Tra-
ditional protein design methods, while powerful, often struggle to balance the exploration
of the vast conformational space and the generation of energetically stable, physically valid

protein structures. Furthermore, existing generative models tend to either fail in captur-
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ing the subtlety of AB42’s conformational diversity or generate redundant samples that
provide little insight into novel structural states. Generative deep learning models have a
very high capability to learn underlying data associations, making them highly desirable
in the quest to synthesize novel protein conformations. Consequently, a number of gener-
ative models such as Variational Autoencoders (VAEs) [382, 281], Generative Adversarial
Networks (GANs) [225, 261], and Graph Networks [404, 183] have been proposed for pro-
tein structure synthesis. These models serve as important milestones in characterizing the
underlying computational models of protein structures and dynamics. However, some of
these models only generate backbone conformations or study small or structured proteins.
More recently, efforts have been dedicated towards MD sampling of IDPs using the Ca
representation [524, 191], taking a step towards modeling both the structural and dynamic
properties of larger IDPs. Although these show great promise, a more granular approach
in the feature descriptor for IDPs is needed to better describe their function. To address
these challenges, we propose a novel generative framework that combines the strengths of
two powerful machine learning paradigms: Variational Autoencoders (VAEs) and Gener-
ative Adversarial Networks (GANs). Using conformations obtained from MD simulations
as our dataset, our approach introduces a novel sampling technique designed to enhance
the diversity and stability of the generated AB42 conformations, enabling the generation
of a broad range of novel structures unseen in our dataset. This hybrid generative model,
PROtein conFORMation Xplorer (ProFormX) captures both the continuous nature of the
conformational space and the high-dimensional structural relationships within AS42, mak-

ing it well-suited for protein design. The model learns from the intrinsic disorder in the
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ApB42 dynamics and explores its conformational space to synthesize potentially new and
stable structures. A key innovation in our work is a novel sampling technique, which lever-
ages the latent space learned by the model to guide it toward synthesizing energetically
stable conformations. This sampling method is designed to overcome common pitfalls in
generative models, such as mode collapse and poor sample diversity. By encouraging the
exploration of underrepresented regions of the conformational space, the technique ensures
the generation of novel conformations that go beyond simple perturbations of known struc-
tures. Furthermore, this sampling technique can be applied to existing methods, making it
highly generalizable.

In this study, we demonstrate its efficacy in a standard autoencoder-type model,
and present a comprehensive evaluation of the proposed framework in the context of AB42
conformational sampling. We conduct extensive computational experiments to assess the
diversity, stability, and physical plausibility of the generated conformations. Our results
demonstrate that the model not only successfully generates novel A342 structures but also
provides valuable insights into the conformational landscape of this peptide. Moreover,
the generated conformations exhibit key characteristics associated with AB42 aggregation,
offering potential starting points for the development of therapeutics aimed at modulating

its misfolding and aggregation pathways.

6.1.1 Contributions

The findings of this study represent a significant step forward in computational
protein sampling, particularly for challenging targets like A542. By combining advanced

generative modeling techniques with a novel sampling approach, our method opens up new
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possibilities for exploring protein conformational landscapes and designing structures that
could be used in future drug discovery efforts. The key contributions of our work are:

1. A novel sampling strategy for generating diverse and energetically stable protein confor-
mations from the latent space.

2. A generative network, that is able to faithfully synthesize new protein structures of
ApB42, given force field information. With varying force fields, the network is able to adapt
to learning the corresponding properties for accurate synthesis.

3. Proposed ProFormX (sampling strategy + generative network) has a powerful capability
of a high degree of control over synthesis and is able to perform reconstruction, controlled
perturbation-based synthesis, as well as uncontrolled synthesis based on the user’s choice.
4. Extensive analysis of the realism of generated structure, establishing that ProFormX
is able to sample AB42 conformations that are realistic, stable, and different from the
original MD nearly 85% of the time. Results demonstrate that our model is able to sample
conformations from the regions in the 2D energy plane that did not have structures in the

actual MD.

6.2 Materials and Methods

6.2.1 Dataset

MD simulation Protocol

For this study, we study the 42—residue amyloid—f peptide (A[342). Specifically,

we utilize the aqueous solution structure (1Z0Q) and the amyloid fibril (2NAO) from the

169



A Turn A B

Turn C

Figure 6.1: (A) synthetic conformation of A542 with all 4 turns A-D; (B) Classical internal
bond-angle-torsion (BAT') coordinate representation (Z-matrix) for a small molecule. Atoms
1-3 are termed root atoms for this molecule. Atoms i > 3 are defined by (b;, 6;, ¢;), whereb, a
and 6 are bond, angle, and torsions, respectively. For example, atom 4 is presented by (by,

647 ¢4)

PDB database. The structures were subjected to two forcefields, 14SBFF and IDPS, and a
total of 4 trajectories were obtained at a 1us resolution. The description of these trajectories
is detailed in Table 6.1. We note that a combination of these trajectories holistically captures
the dynamic nature of the AS42 monomer. To avoid oversampling of conformations that are
highly similar to each other, we remove conformations whose backbone RMSD values were
within 2A. MD runs 1-4 were performed using the AMBER20 package using either ff14SB
or ff14IDPSFF force fields with different initial conformations (PDB: 1Z0Q or PDB:2NAO)
(Table 6.1) [284, 400]. The systems were simulated using the TIP3P explicit solvent model
at a temperature of 298K with an NPT ensemble [207]. 12A cutoff was used for short-range
non-bonded interactions and the long-range electrostatic interactions were computed by
the particle mesh Ewald method (PME) [104]. Each frame was saved at 1ps time integral

which made up a total of 1,000,000 frames. Other MD trajectories using either PDB 2NAO
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or 1Z0Q as the initial structure were obtained from our previous work and detailed in

Table 6.1 [300, 429, 444].

Table 6.1: Details of MD simulation and Training/Validation of ProFormX. Structure Type:
Force field and Initial Structure; Tr/Val: Training/Validation; Avg RMSD: Validation of
reconstructed conformations, average torsion RMSD (All heavy atoms /Backbone)

MD Simulations I Model Construction/Validation
MD Index Structure Type # Frames of Tr/Val Avg RMSD
MD Run 1 | ffl14IDPSFF (2NAO) 16,000/4,000 0.339 / 0.244 rad
MD Run 2 | ff14IDPSFF (120Q) 16,000/4,000 0.339 / 0.257 rad
MD Run 3 ff14SB (2NAO) 16,000/4,000 0.279 / 0.204 rad
MD Run 4 ff14SB (120Q) 16,000/4,000 0.241 / 0.151 rad

Bond-Angle-Torsions (BAT) Coordinate

Our method is based on the Bond-Angle-Torsion (BAT) internal coordinate sys-
tem. Unlike Cartesian coordinates, BAT coordinates accurately define the natural circular
motion of the dihedral rotation of the molecules [52]. Classical BAT is defined as sets of
root atoms and the position of other atoms depends on the previously defined atoms bonded
in sequence. For instance, Atom 1 is at the origin; atom 2 is defined by a bond length (b2)
and placed on the z-axis; and atom 3 is defined by a bond length (b3), bond angle (#3) and
placed on the x-z plane, and thus we eliminate 6 degrees of freedoms. The total degree of
freedom of molecules with N atoms has 3N-6 internal coordinates. Atoms 1-3 are termed
root atoms for this molecule. Atoms i > 3 are defined by (bi, 6;, ¢;), where ¢ are torsion
angles. For example, atom 4 is presented by (b4, 64, ¢4) (Figure 6.1-B). Starting from root
atoms, all subsequent atoms are defined sequentially. To mitigate the periodicity issue, we

use the sin and cos of the angles in our input to ProFormX.
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6.3 Technical Approach

The overview of ProFormX is shown in Figure 6.2. The real data input to the
model consists of the sin and cos of dihedrals and bond angles, the bond lengths, root-
based atom information, and force-field information. The key characteristic of ProFormX
is the novel multiplexed sampling protocol (MSP) which adds randomness to the input and
adapts the training loss accordingly. To that end, the noise added per feature is standard
normal scaled to the standard minima and maxima of that feature. For example, for a

dihedral angle, the minimum and maximum are -3.14 to 3.14 (—7 to 7).

X 7 Y
Xmsp " (0] utput

N —— Encoder ——g— Data ———— Decoder ——

T + Structure

Structure ) Label

[

Label Embedding ~

Figure 6.2: Overview of ProFormX architecture. The input X is real data and X is noise.
The structure label consists of information on structure type and forcefield. This informa-
tion can be used to generate desired structure types during synthesis.

6.3.1 Problem Formulation

The inputs to ProFormX are real BAT coordinates (X), noise (X), and the one-
hot encoded force-field information (§). Let the real data be X, comprised of BAT features

(bond length, sin and cos of bond angle, sin and cos of torsions), and the corresponding noise
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be X in a similar format. The proportion of noise added is «, which is chosen randomly
between 0-1. The subsequent MSP feature is X,,sp. The encoded feature vector in the
latent space of the real data and multiplexed data are Z, and Z,,sp, respectively. The
desired output is Y (the same format as X, subsequently converted to Cartesian space).

Given then encoder (£) and decoder (D):

Zmsp = 5([Xm8p7 8]); Y = D(stP) (6.1)

Input Encoding

The input encoding consists of the real data, noise, and force-field information.
To reflect the force-field condition on the input, we have one-hot encoded it as label infor-
mation as follows: 1Z0Q+FF14SB: Class 0, 2NAO+FF14SB: Class 1, 1Z0Q+IDPS: Class
2, 2NAO+IDPS: Class 3. During synthesis, this label can be given as an input to generate

a structure of that desired label.

Sampling in ProFormX

The proposed multiplexed sampling protocol (MSP) explicitly adds disorder to the
deterministic input to make it semi-deterministic. The extent of noise added to each feature
is randomly chosen and also determines the loss function. Given the nature of our data,
IDP, the dihedral rotations move much more than the bond length and angle, which have
a small deviation. Thus, the « is randomly chosen separately for each feature, allowing us
further control over the sampling. The « for dihedrals are sampled randomly between 0-1,

whereas based on the standard deviation of the other features, their « is chosen between
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0-0.1. If the inputs X and X are multiplexed with a factor «, then the semi-deterministic
input becomes X, = o X X+ (1 — ) x X. For instance, if no noise is added to the input,
then ideally the generative model should do a perfect reconstruction of the input data. This
is ensured with a reconstruction loss such as L1 loss. On the other hand, if the input was all
noise (like a GAN), then the output can be novel, and the extent of its realism is assessed
by a similarity loss function such as KL divergence loss. In our case, since the weight of
noise varies at every epoch, the loss adapts accordingly. Furthermore, the synthesis of novel
conformations is dependent upon the sampling of the latent space. Therefore, we would like
the latent space to be regularized, wherein a slight perturbation of an input feature would
reflect accordingly in the synthesized protein. Thus, based on the extent of noise added
to the input, we compute another KL divergence loss of the latent space features. If the

average proportion of noise added to input is «, then the loss function is:

L=1-a)x |V = X|+axDgr(Q(zmsp)llp(zr)) + DrL(p(x)llp(y)) (6.2)

where Q is the sampling function that samples from the MSP latent distribution,

Dgr(+) is KL divergence loss, |- | is L1 loss.

Synthesis of structures

During synthesis, we provide real or noisy input to ProFormX, based on the
type of output we want it to generate. We also input the label of the desired forcefield
(14SB/IDPS) and structure type (1Z0q/2NAO). Owing to the nature of sampling, Pro-

FormX has a key capability to generate structures in one of three modes: reconstruction,
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perturbation-based/controlled synthesis, and uncontrolled synthesis. The three modes are
described in detail below:

Reconstruction: For this mode, the noise added to the input data is zero. This mode

can typically be used to validate the correctness of ProFormX. In other words, it can check
how well the model has trained. Since there is no noise, given the label and input BAT
coordinates, the model should generate a nearly identical structure.

Perturbation-based Synthesis: This mode uses multiplexed input to synthesize struc-

tures. Thus, it does not have fully random noise input like a GAN would, but its input is
constrained to a small region around the actual real data point. In other words, it is as if
the real data point was perturbed slightly, and the new structures are generated from the
impact of this perturbation in the latent space. Thus, this is a controlled synthesis mode.

Uncontrolled Synthesis: This mode uses a completely noisy input with no real infor-

mation and relies on the distributions learned by the model to synthesize novel structures.
Thus, this mode does not have any localized properties being translated, but a fully random

combination of dihedral angles being inputted to obtain new conformations.

Model Architecture and Training Details

Given N (=318) atoms in a protein structure, the concatenation of dihedrals, bond
angles, and bond lengths leads to an input size of 3129. The encoded latent space size is
32, which is concatenated with a one-hot label encoding of 4x1 (corresponding to force field
and structure type). The architecture of ProFormX consists of 8 fully connected layers,
with the number of channels varying from 3129 to 32, reducing by a factor of 2 per layer.

We add a dropout of 0.1 after each layer. The activation function used is tanh, since the
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features such as sin and cos lie between -1 to 1. The features are normalized after each
layer. The encoded feature vector is 32+4 (label), which is given as input to the decoder.
The decoder is the inverse architecture of the encoder, going from 36 to 3129 in factors of 2.
The network is trained for 10000 iterations, with a batch size of 2048, learning rate 0.0001,

and Adam optimizer.

6.4 Results

6.4.1 Model Validation

To validate if the model is learning correctly, we plot the backbone dihedral angle
distributions between real and reconstructed structures. For quantitative analysis of the
same, we compute the RMSD between the real and reconstructed structures. The angle plots
are shown in Figures 6.3 and 6.4, whereas the RMSD values are reported in Table 6.1. We
note that ProFormX can faithfully reconstruct the input structures, suggesting the training
is effective. We report RMSD results for all four classes (combinations of 1Z0Q/2NAO and
14SB/IDPS), and the plots for the lowest and highest RMSD values (Fig 6.3: lowest RMSD

for 120Q-14SB, Fig 6.4: highest RMSD for 2NAO IDPS).

6.4.2 Model Synthesis

For the controlled and uncontrolled synthesis, we perform an analysis of stability
(energy analysis), uniqueness (structures different from input MD), and realism (biolog-

ical feasibility). For the MD runs described in Table 6.1, we have two sets of results:
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Figure 6.3: Model validation using the reconstruction mode in ProFormX. The left side
consists of distributions of all sidechain torsion angles “phi”, and the right side shows the
distribution of “phi”. The blue plot is predicted structures, and the orange is “real”. The
results are reported for 1Z0Q in the 14SB force field.

Figure 6.4: Model validation using the reconstruction mode in ProFormX. The left side
consists of distributions of all sidechain torsion angles “phi”, and the right side shows the
distribution of “phi”. The blue plot is predicted structures, and the orange is “real”. The
results are reported for 2NAO in the IDPS force field.
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perturbation-based controlled synthesis (Model C), and uncontrolled synthesis (Model U).

So for MD run 1, the results will be Model 1C and 1U.

6.4.3 Quantify the efficiency of Synthesizing Conformations

The 4 MD simulations were initiated using different A542 monomer structures
and /or force fields, and 20000 conformations were synthesized for each type of model (Model
1-4, C/U). We subjected these conformations to refinement steps, each assessing a different
property of the generated structures. Assuming the synthesis of structures is Step 1, for Step
2 (Table 6.2), any unstable structures that were below the energy cutoff (-400kcal/mol) were
filtered out. This leads to allowing only stable structures in our final generated structures.
For Step 3, we analyze distinctness by removing any self-repeats. We note that a very
small percentage of structures were removed as self-repeats - suggesting the model does
not succumb to issues such as mode collapse. The final step is to assess uniqueness by
removing structures that are similar to raw MD within 2A RMSD. The raw MD contains
Y conformations each. We note that after following these four steps, the models still yield
approximately 17,000 distinct conformations per run (Table 6.2). Four local hairpins: Turn
A (F4-H6), Turn B (E11-H14), Turn C (S26-K28), and Turn D (V36-G38) were identified
(Figure 6.1-A).

To evaluate the synthesis of novel conformations, we plotted the distribution of
the Radius of Gyration (R,) and Root Mean Square Distance (RMSD) for MD Runs 1-4
and synthetic conformations from Models 1-4 (C/U) (Figure 6.5). The broader coverage

of the free energy profile in our model demonstrates its ability to sample a wider range of
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energetically stable conformations. As illustrated in Figure 6.6, MD simulations struggle to
sample conformations from one minimum to the other and can easily be stuck in one local
minima (Figure 6.6 B). In contrast, our model generates a wide range of conformations

with distinct alpha helix interactions and hydrophobic packing absent in MD simulations

(Figure 6.6 C-E).
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Figure 6.5: Free energy profile (color bar) of RMSD (y-axis) vs radius of gyration (Rg,
x-axis) for AB42. The units of the free-energy landscapes are kcal/mol.

6.4.4 Biologically important structures in synthetic A542 conformations

Understanding the conformational ensemble of A342 monomers is crucial for elu-
cidating their aggregation mechanism and toxicity. Experimental studies have identified
key structures prone to aggregation, focusing on toxic Turn C (S26-K28) and Turn D

(V36-G38). Turn C, part of the “S-turn-S” motif, is frequently observed in fibrils of both
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A 540 [435] and AB42 [486], while both Turn C and D forms one of two bends in the S-shaped
fold identified in brain-derived Af42 fibrils via cryo-EM studies [486]. The N-terminal re-
gion (D1-K16), associated with metal binding under abnormal conditions, contains Turns A
and B and remains highly flexible [259]. Using novel synthetic conformations derived from
Model 2U, we observed a partial hairpin structure resembling fibril-derived A342 [279] (Fig-
ure 6.7B and 6.7C). We also identified an intermediate state featuring both Turn C and

Turn D, closely matching fibril conformations from human brain studies [486] (Figure 6.7D

and 6.7E).
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Figure 6.6: (A) Free energy profile of MD run4 and Model 4U. (B) Most dominant confor-
mations select from the free energy profile (purple circle) (C-E)
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Different orientations of F19 and F20 contribute to different types of brain-isolated
fibril structures [486]. We further investigate the local side-chain rearrangement and ob-
serve similar F19 and F20 orientation as type II brain-isolated fibril structures (Figure 6.8
B). Figures 6.8C and 6.8D show intermediate states that require only minimal structural
rearrangement for either type I/II brain-isolated fibril structures. Interestingly, all confor-
mations also have toxic Turn C and D with slightly different local arrangements. Without
the need for the formation of any salt bridges, the hydrophobic packing through F19 and

F20 and surrounding nonpolar residues can induce the toxic Turn C formation.
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Figure 6.7: (A) Free energy profile of MD run2 and Model 4 with ffIDPSFF force field
(B) Crystal Structure Ap42 fibril (PDB: 2BEG) (C) Novel Synthetic conformations from
Model 4 has similar conformation as (B) found in red square (D) crystal structure of hairpin
conformation that form AB42 fibril from human brain (PDB: 7Q4M). (E) Novel Synthetic
conformations from Model 4 have similar conformation as (D) found in the red square.
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Figure 6.8: (A) Crystal structure of hair pin conformation that form A/42 fibril from
human brain (PDB: 7Q4M). (B-D) Novel synthetic structures are obtained from Model 1
with ff14IDPSFF force field. (B) Type IT A542 fibril with F20 rotate inward and F19 rotate
outward. (C-D) Intermediate states that require minimal conformational rearrangement to
form type I or type II A542 fibril.

6.4.5 Relation between the Salt-bridge and toxic conformations

We have shown that hydrophobic core induced formation of toxic Turn C and
eventually leads to fibril formation and oligomerization. Interestingly, our model also shows
an alternative interaction through salt-bridge formation of D23-K28 which can also lead to
the formation of Turn C. Salt bridges play an important role in providing intra-molecular
attractions and conformational specificity that directly relate to A542 aggregation. This
non-covalent electrostatic interaction forms when oppositely charged side chains come into
proximity, emphasizing the need for detailed atomistic descriptions and accurate sampling
of sidechain dynamics in protein studies. Although the D23-K28 salt bridge did not exist
in the 1-us MD Runl used in our training set, our Model 1C and 1U samples several con-
formations featuring D23-K28 interaction alongside various hydrophobic core arrangements
(Figure 6.9). For instance, Figure 6.9A depicts weak hydrophobic packing with F19 and
F20 oriented outward, making the salt bridge the primary driver for Turn C formation.

In Figure 6.9B-E, the F19 is rotated inward and contributes to the hydrophobic packing,
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while Figure 6.9F shows both a distinctive D23-K28 salt bridge and hydrophobic packing
at the C-terminus. The result suggests that there are multiple pathways either through
salt-bridge or hydrophobic interaction of forming toxic Turn C and thus, leads to poten-
tial oligomerization. These novel conformations provide diverse insights into atomistic side
chain rearrangements, salt-bridge interactions, and hydrophobic packing, offering valuable

perspectives for interpreting experimental findings and understanding A542 aggregation.
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Figure 6.9: Novel synthetic conformations from Model 1 and Model 2. (A) D23-K28 salt-
bridge without hydrophobic interaction. (B-C) Tightly pack hydrophobic interaction with
D23-K28 salt-bridge forming inward of Turn C (D-E) Tightly pack hydrophobic interaction
with D23-K28 salt-bridge forming outward of Turn C (F) Distinct hydrophobic interaction
formin at C-terminus with D23-K28 forming outward of Turn C.
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Chapter 7

Conclusions

This thesis presented novel approaches in the fields of bioinformatics, astrobiology,
and human recognition while tackling realistic dataset challenges. Through the study of four
diverse applications, this work tackles critical issues such as limited and heterogeneous data,
artifacts, and data imbalance—barriers that often hinder the performance and reliability of
machine learning models in practical settings.

In the first application, we provided a comprehensive characterization of the visual
manifestation of prognostic biomarkers of the mutation 19/20 co-gain. We extended the ra-
diogenomic feature characterization to the tumor-infiltrated tissue - a significant biomarker.
We also provided visual analysis of the reproducibility of shape, texture, and location fea-
tures, conditioned upon mutation status. We proposed R2D2-GAN as a generative deep-
learning approach for modeling and reproducing the visual manifestation of mutations in
GBM tumor mass. We reported qualitative and quantitative evaluations of the efficacy

of the novel sampling technique in R2D2-GAN. We showed that it can efficiently handle
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limited-sized heterogeneous data, such as 19/20 co-gain mutation in GBM. We proposed
a novel GAN evaluation metric (SIF score) that quantifies whether a GAN has learned
the unapparent feature associations that are inherent and crucial to the data. Through this
and other metrics, we reported results compared with SOTA models, demonstrating that di-
verse, high-quality, and realistic tumors are generated using R2D2-GAN. To the best of our
knowledge, ours is the first work in the complete characterization of tumor macro-features
in radiogenomic analysis, demonstrating the reproducibility of tumor shape, texture, and
location conditioned upon mutation status, proposing a novel sampling and training pro-
tocol, and using model interpretability tools for a quantitative evaluation of GANs. We
believe that with these contributions, our work can be extended to a holistic analysis of
radiogenomics of other mutations and cancers, disease progression analysis, and other such
crucial applications.

Furthermore, we quantified the impact of the tumor invasion patterns on the pres-
ence or absence of 19/20 co-gain. We demonstrated that the tissue impacted by tumor
growth contains information regarding the mutation, and thus, contains information of
prognostic value. We characterized the properties of the impacted tissue via a novel gen-
erative model (TI-GAN), that can accurately and realistically model tumor invasion using
joint conditional and unconditional estimation. We reported qualitative and quantitative
analyses to demonstrate the performance of the proposed approach in terms of diversity and
quality. We demonstrated the realism of generated tumor invasion through a blind test car-
ried out by board-certified radiologists that achieved high false-positive and false-negative

rates. We demonstrated the generalizability of the model through cross-domain testing
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and reported both qualitative and quantitative results. We performed ablation studies that
evaluated the importance of learned context via tumor shape, texture (local context), and
tumor location (global context) and demonstrated via qualitative and quantitative analyses
that the tumor information is very useful in modeling the patterns of tumor invasion. We
demonstrated that TI-GAN can act as an effective data augmentation tool for unbalanced
datasets. We evaluated our model against significant and common challenges of medical
datasets such as limited quantity of data, unbalanced datasets, and high tumor heterogene-
ity, and showed that our model is robust. We also compared our model against common
medical generative models, outperforming them consistently. Thus, we established the im-
portance of studying tumor invasion and modeled it via a novel computational model. We
envision that this model will be useful in other applications beyond radiogenomic analysis
such as tumor growth and disease progression analyses.

In the field of astrobiology, in order to leverage DRBs as a potential biosigna-
ture for the search for life beyond Earth, we developed SPACESeg2.0 for the automated
detection of these features in the imagery of geological cross-sections. We demonstrated
that SPACESeg2.0 can address the challenges of practical data such as sample cohort size,
varying imaging conditions, a plethora of imaging artifacts, as well as a range of fields-of-
view and relative DRB variation. We showed using extensive qualitative and quantitative
analyses that SPACESeg2.0 outperformed many state-of-the-art segmentation models in
detecting DRBs. Additionally, we showed from ablation studies the impact of the unsu-
pervised ARORA in context generation and data augmentation. We also reported ablation

studies to demonstrate the impact of design choices in the novel deep segmentation net-
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work BASE-Net. The DRB Quantifier module of the SPACESeg2.0 computes metrics that
help characterize the morphology of the ripples that comprise DRBs to gain further insight
from these potential biosignatures. Thus, every step of SPACESeg2.0 is carefully designed
to allow for maximum information to be analyzed, which vastly increases its potential for
scalability. While SPACESeg2.0 can effectively identify and characterize DRBs in imagery,
it does not guarantee the biogenicity of the detected morphological features without fur-
ther grain size analysis. Thus the primary utility of SPACESeg2.0 is the rapid detection of
potentially astrobiologically significant geological cross-sections that have a high potential
to preserve past life and should be targeted for further human-led analysis.

For human recognition under extreme imaging conditions, we showed that the
performance of advanced person re-identification backbones can be further improved by in-
corporating a robust input modality; one that overcomes the limitations of standard RGB
images. We introduced a unified and resilient biometric modality, ORB, which combines
the most identity-preserving features of both appearance- and shape-based representations
while being fully compatible with the state-of-the-art recognition backbones, similar to
RGB imaging. Additionally, the proposed ORB modality can be fused with RGB or other
imaging modalities to significantly improve their performance. This modality is modular,
quick to compute, and highly resistant to distortions such as clothing changes, occlusion,
pose variations, and varying imaging distances. We presented results from four public
datasets of varying complexities, and compared our performance with the state-of-the-art
models that utilize RGB and other multimodal information. We also reported results on

the BRIAR task, covering both Phase 1 and Phase 2 evaluation protocols. By isolating
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various distortions—such as clothing changes, environmental changes, and different imag-
ing ranges—we demonstrate that ORB either outperforms other modalities or significantly
enhances the performance of any modality it is combined with. Through quantitative anal-
ysis, we showed that our proposed modality consistently delivers robust performance under
challenging conditions and significantly boosts baseline performance. This approach is in-
valuable for real-world human recognition tasks, particularly in scenarios involving clothing
changes, long-range recognition in unconstrained environments where face, body, or gait
features are less effective, and when faster recognition is required.

Towards the applicability of domain-inspired algorithms in drug discovery, we
showed a specific case of full-atom synthesis in intrinsically disordered protein AB42, asso-
ciated with Alzheimer’s. We propose a novel sampling technique that can be used with any
generative model, and successfully tackles the dynamic nature of the A542 monomer. We
use the sampling technique in conjunction with a hybrid autoencoder-type network (coined
ProFormX). We show from extensive analysis that ProFormX can generate stable, diverse,
and unique conformations. Further analysis demonstrates the biological relevance of synthe-
sized conformations, and that ProFormX can sample from energy regions originally absent
in the raw MD simulation.

The insights gained through this work not only enhance the applicability of deep
learning in challenging environments but also lay the groundwork for future research. By
identifying persistent challenges and proposing viable solutions, this dissertation serves as
a foundation for continued efforts to improve the integration of deep learning into diverse

domains, ensuring its impact is both meaningful and enduring.
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