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Abstract

Rodent experiments on traumatic brain injury (TBI) induced by controlled cortical im-
pact (CCI) enable detailed investigation of the mechanisms associated with disease pro-
gression via histological assessment at the microscopic level. At the same time, in vivo
approaches such as magnetic resonance imaging (MRI) provide high translational value
but lack the resolution of microscopy, and their underlying changes can be di cult to in-
terpret. Aligning images of the same anatomical region across these modalities, facilitates
the detection of structural damage and the understanding of microscopic alterations that
contribute to macroscopic changes after injury. This task is challenging due to complex
image deformations, substantial inter-modality di erences and artifacts introduced dur-
ing tissue preparation for histology, all of which limit the accuracy of traditional registra-
tion methods. Furthermore, most existing MRI-histology pipelines, originally developed
for human prostate studies, are not directly transferable to rodent TBI studies due to
anatomical di erences. To address these challenges, this thesis presents an unsupervised
MRI histology registration pipeline that employs a CycleGAN for image-to-image trans-
lation, converting histology into MRI-like images and reducing the task to a monomodal
problem, followed by a two-stage deep learning framework combining a ne and thin-plate
spline (TPS) transformations for spatial alignment. The proposed pipeline achieves an
average Dice Similarity Coe cient (DSC) greater than 0.93 and a Mean Error Distance
(MED) 0:3 mm. Qualitative inspection highlights that performance strongly depends
on the GAN's ability to preserve anatomical structures while generating realistic MRI
contrasts. These results demonstrate that the proposed approach outperforms state-of-
the-art methods, o ering more accurate and robust MRI-histology alignment in rodent
TBI. This work has the potential to streamline experimental work ows, improve cross-
modal interpretation and enhance the translational relevance of preclinical TBI studies.

Keywords: Image Registration, Deep learning, Histopathology, Magnetic Resonance,
Traumatic Brain Injury.






Abstract in lingua italiana

Gli esperimenti sui roditori con trauma cranico indotto da impatto corticale controllato
permettono un'analisi dettagliata dei meccanismi associati alla progressione della malattia
tramite valutazioni istologiche a livello microscopico. Al contempo, approcci in vivo come
la risonanza magnetica o rono alto valore traslazionale, pur con risoluzione inferiore, e i
cambiamenti sottostanti possono risultare di cili da interpretare. L'allineamento di im-
magini della stessa regione anatomica, acquisite con modalita diverse, facilita I'identi cazione
di danni strutturali e la comprensione delle alterazioni microscopiche che contribuiscono ai
cambiamenti macroscopici dopo il trauma. 1l compito € complesso a causa di deformazioni
complesse delle immagini, di erenze sostanziali tra le modalita e artefatti introdotti du-
rante la preparazione dei tessuti per l'istologia. Tali fattori riducono l'accuratezza dei
metodi tradizionali, mentre gran parte delle pipeline esistenti per l'allineamento risonanza
magnetica istologia, sviluppate per studi sulla prostata umana, non sono direttamente
trasferibili agli studi di trauma cranico su roditori a causa delle di erenze anatomiche.
Per arontare queste s de, questa tesi propone una pipeline non supervisionata per la
registrazione risonanza magnetica istologia, sfruttando una traduzione da immagine a
immagine che trasforma il problema multimodale in uno monomodale. Una CycleGAN
viene impiegata per tradurre le immagini istologiche in rappresentazioni risonanza mag-
netica. Successivamente, l'allineamento spaziale viene eseguito tramite un'architettura a
due stadi. Il modello raggiunge un Dice score medio superiore a 0.93 e un errore medio di
distanza 0:3 mm. Una valutazione qualitativa evidenzia come le prestazioni dipendano
fortemente dalla capacita della GAN di preservare le strutture anatomiche generando al
contempo contrasti realistici. | risultati dimostrano che questo approccio supera i metodi
esistenti, o rendo un allineamento risonanza magnetica istologia piu accurato e robusto
nel caso di roditori con trauma cranico. Questo lavoro ha il potenziale di ottimizzare

I ussi sperimentali, migliorare l'interpretazione inter-modale e aumentare la rilevanza
traslazionale degli studi preclinici sul trauma cranico.

Parole chiave: Registrazione di Immagini, Deep Learning, Istopatologia, Risonanza
Magnetica, Trauma Cranico.
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Introduction

Image registration is a fundamental technique in image processing, as it allows to integrate
useful information from two or more images into a single, more informative representation.
Its broad utility extends across various domains, including medical imaging, remote sens-
ing and computer vision. In the medical eld, there are multiple methods and modalities
available to acquire images, each o ering unique insights. As imaging technology pro-
gresses, the amount of information extracted from these images increases substantially.
However, they are not necessarily redundant, since each imaging modality can provide
di erent and complementary information. Thus, aligning two (or more) images depict-
ing the same or corresponding anatomical structures, acquired at di erent time points,
viewpoints, or with di erent imaging devices, becomes of key importance in this context.

Despite its critical role, medical image registration remains a challenging task due to
several factors. First, images often undergo unknown geometric transformations, ne-
cessitating translation, rotation, scaling, or even complex non-linear warping to achieve
proper alignment. Second, the histological process can introduce signi cant artifacts,
including morphological changes, stain variations, tissue deformation such as shrinkage,
stretching and tearing, and even tissue loss. Another major challenge arises when dealing
with images from di erent modalities. In such cases, the appearance of corresponding
features varies signi cantly, making registration particularly challenging. For example,
Magnetic Resonance Imaging (MRI) highlights large-scale anatomical structures but lacks
the cellular-level detail present in histopathological sections. This inherent appearance
variability between modalities often precludes a general rule to establish robust structure
correspondence.

To address these complexities, various approaches have been developed. Traditionally,
methods can be broadly categorized into intensity-based and feature-based. Intensity-
based methods directly relies on pixel intensity values to optimise a similarity metric that
guanti es alignment accuracy between the images. While e ective for monomodal reg-
istration and capable of high accuracy, they often struggle with multimodal registration
due to disparate intensity pro les that may not re ect true anatomical correspondence
and can be computationally intensive. Feature-based methods, conversely, consist in iden-
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tifying and matching distinct features, such as point or contours, from both images based
on which a geometric transformation is estimated. While robust to intensity variations,
their performance is highly dependent on the reliable detection and accurate matching
of salient and reproducible features, which is a challenging task in multimodal medical
context.

In medical imaging, image registration is crucial for diagnosing and monitoring diseases
by aligning multiple acquired images. For example, in oncology, registration between
MRI and histopathology has been shown to improve cancer localization and classi cation
in human prostate, enabling more accurate diagnosis and supporting treatment planning
[1, 2]. Similarly, in the context of traumatic brain injury (TBI), where brain damage is

a dynamic process evolving through cellular and molecular changes, registration facili-
tates the detection of structural damage, the assessment of changes over time, and the
correlation of macroscopic abnormalities with microscopic alterations. For instance, the
registration of high-resolution histopathological images with MRI scans is particularly
valuable in TBI research. This allows for a detailed correlation between cellular-level
damage, observable through histopathology (e.g., neuronal loss, axonal degeneration, and
microglial activation), and larger-scale structural abnormalities detected by MRI (e.qg.,
brain atrophy, haemorrhage, and white matter lesions) observed in vivo. By aligning
these disparate modalities, researchers can gain a more comprehensive understanding of
injury extent, validate imaging biomarkers, and ultimately improve diagnostic accuracy

in TBI.

Despite the advancements in image registration techniques, signi cant challenges remain
in complex scenarios such as TBI, where the brain lesion contribute to substantial ar-
tifacts in histopathological microscopy images. In this work, we propose a novel deep
learning approach for the registration of MRI and histopathological sections of mouse
brains with TBI. As a preliminary step, both histopathological and MRI images are seg-
mented to isolate brain tissue and remove background regions, allowing the network to
focus on the most relevant anatomical information. To address the challenges arising
from the di erences between imaging modalities, we employ a CycleGAN to transform
histopathological images into MRI-like representations. Following domain translation, an
unsupervised intensity-based network performs the registration in two stages: an a ne
transformation step followed by a deformable transformation step. The network is trained
using the Mutual Information loss and estimates the geometric transformation parame-
ters, which are subsequently applied to the original histopathological images.

The thesis is structured as explained hereafter. In Chapter 1 we present the mathematical
formulation of the Image Registration task in a general setting. Then in Chapter 2, we
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provide a fundamental and comprehensive overview of the medical aspects of TBI and the
deep learning architectures employed in the proposed approach. Then, in Chapter 3 we
present the latest advancements in state-of-the-art image registration techniques. Later
we present the developed pipeline and the experimental evaluation in Chapter 4 and
Chapter 5, respectively. Finally in Chapter 6, we comment the obtained results and
discuss possible future improvements and developments of the conducted research.






1 ‘ Problem Formulation

Image registration (IR), also known as image matching [3, 4], is the task of spatially
aligning two (or more) images with the same or similar content, which may have been
acquired at di erent time points, from di erent viewpoints, or using di erent imaging
modalities, to enable accurate comparison, fusion, or joint analysis.

Let Iy 2 R" W € denote themoving image(also referred to as source or oating image)
and I 2 RH W € the xed image (also called target or reference image), respectively.
Here,H and W are the spatial dimensions (height and width), andC is the number of
channels (e.g., 1 for grayscale and 3 for RGB). We assume the moving and xed images
to have the same shape to simplify the formulation and to focus on the general case.

Figure 1.1: Image registration process on a sham mouse brain. The input consists of a
histological section () and an MRI scan section (¢). A spatial transformation T is
estimated to alignly, to Ig, producing a fused image for joint analysis.

The objective of image registration is to estimate a geometric transformatioh that maps
each pixel location(i;j ) to a new position(i%j9. Once the transformation is estimated,
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the moving image is resampled according t®, using interpolation, yielding a registered
versionly T, which ideally aligns with I . This process is illustrated in Figure 1.1.

Image registration is commonly formulated as a minimisation problem, seeking an optimal
transformation T . This is expressed as:

T =argmin (T;1u;lF) (1.1)

Here,C(T; 1y ;1¢) represents a cost function that quanti es the degree of spatial dispar-
ity between the transformed moving imagéd,, T and the target imagel ¢, while setT
denotes the space of all admissible transformations. The explicit de nition @& is highly
method-dependent (more detailed formulations of the IR problem are presented in Sec-
tion 2.3.2).

In deep learning,unsupervisedtraining is typically performed on a dataset of unaligned
image pairs from di erent modalities, Dunsup = f(Im; 1 )kOk=; ; Where the goal is to es-
timate a transformation T minimising a cost function C without access to ground truth
transformations. Converselysupervisedtraining relies on datasets of aligned image pairs
Do = f(Im; e T)kGk;; with known ground truth transformations T.



2 ‘ Theoretical Background

2.1. Medical Background

2.1.1. Traumatic Brain Injury

Traumatic brain injury is characterized by an alteration in brain function (such as a
decreased level of consciousness, memory loss or neurological de cits), or by evidence
of brain pathology (as identi ed through imaging techniques) resulting from an external
mechanical force [5].

Among all common neurological disorders, TBI has the highest incidence and represents
a major public health concern. Each year, it a ects an estimated 50 to 60 million people
worldwide, resulting in a global economic burden of approximately $400 billion. Critically,
TBI is increasingly recognized not only as an acute event but as a chronic condition:
patients often face long-term consequences, and the injury imposes enduring emotional,
social, and caregiving challenges on both patients and their families [6].

Brain damage arising from TBI can be divided into primary injury, caused by the trans-
mission of biomechanical energy to the brain, and secondary injury, which involves a series

of cellular and molecular changes that are triggered immediately after the traumatic event

and evolve over time in a continuum (Figure 2.1) [7].

The primary injury includes neuronal necrosis, blood vessel rupture, and di use axonal
injury resulting from the rapid acceleration and deceleration forces involved. Secondary
injury mechanisms occur in acute, subacute, and chronic phases and comprise a variety of
cellular and molecular changes. These processes can progress over hours, days or even over
a lifetime in some cases. A wide range of secondary neurotoxic mechanisms have been
identi ed, including neuroin ammation, excitotoxicity, metabolic derangements, blood-

brain barrier damage and cerebral edema. These events not only exacerbate the primary
injury, but also contribute to the complexity and heterogeneity of TBI outcomes.

In addition to these pathological processes, the brain activates protective and regenerative
responses such as angiogenesis, neurogenesis, gliogenesis, axonal sprouting, and synaptic
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