SKIT 2T

Karlsruhe Institute of Technology

Motion-Compensated pMRI of
Tethered Insect Locomotion

Zur Erlangung des akademischen Grades eines
DOKTORS DER INGENIEURWISSENSCHAFTEN (Dr.-Ing.)

von der KIT-Fakultat fiir Maschinenbau des
Karlsruher Instituts fiir Technologie (KIT)

angenommene
DISSERTATION

von

M.Tech. Ajmal Chenakkara Jamal

Tag der miindlichen Prifung:  12.08.2026

Erstgutachter: Prof. Dr. Jan G. Korvink
Zweitgutachter: Prof. Dr. Maxim Zaitsev
Weiterer Betreuerin: Prof. Dr. Ulrike Wallrabe

Betreuender Mitarbeiter: Dr. Mazin Jouda




D00

This document is licensed under a Creative Commons
Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0):

https://creativecommons.org/licenses/by-sa/4.0/deed.en



Karlsruher Institut fiir Technologie
Institut fiir Mikrostrukturtechnik
Hermann-von-Helmholtz Platz 1
76344 Eggenstein-Leopoldshafen






Selbststandigkeitserklarung

Ich versichere hiermit wahrheitsgemaf3, die Arbeit selbststandig verfasst und keine anderen
als die angegebenen Quellen und Hilfsmittel benutzt, die wortlich oder inhaltlich tiber-
nommenen Stellen als solche kenntlich gemacht und die Satzung des Karlsruher Instituts
fiir Technologie (KIT) zur Sicherung guter wissenschaftlicher Praxis in der jeweils giiltigen

Fassung beachtet zu haben.

Eggenstein-Leopoldshafen, 12.08.2026 Ajmal Chenakkara Jamal



Abstract

Magnetic resonance imaging (MRI) provides a powerful, non-invasive means to probe
biological structure and function across scales, offering unparalleled versatility and making
it a promising modality for studying small, freely behaving model organisms. However,
living systems are inherently dynamic, and motion presents a persistent challenge for MRI,
mainly due to its relatively slow, sequential data acquisition. In clinical and preclinical
imaging, well-established strategies exist to address the effects of physiological motion and
small involuntary movements on image quality. These approaches, however, do not address
large-scale behavioral motion. While such motion is rarely considered in clinical imaging,
studies of model organisms often aim to observe biological processes in vivo, where natural
movement is an integral part of the phenomena under investigation.

Micro-magnetic resonance imaging (WMRI), the high-resolution adaptation of MRI for mi-
croscopic scales, offers a unique window into the internal morphology of small model
organisms and represents an ideal modality for such investigations. Realizing this potential
requires new imaging frameworks that treat motion as an intrinsic part of the MRI measure-
ment, allowing natural behavior while modeling and correcting its effects during acquisition
and reconstruction. Insects serve as excellent models for developing and validating these
approaches. Towards this goal, this thesis explores the feasibility of MRI in small moving
organisms and examines the limitations of implementing such a framework within a pMRI
system. Initial findings motivate the development of an experimental platform designed to
study live, active insects under minimally constrained conditions using an in situ treadmill,
combined with methods for motion-compensated imaging during tethered locomotion.

The MR-compatible treadmill system enables tethered insect locomotion within a 15.2T
ultra-high-field preclinical scanner. This configuration constrains motion largely within
the coil field of view (FOV) while allowing near-natural walking behavior. In addition, an
integrated MR-compatible computer vision system was developed, employing an optical
flow algorithm for real-time behavioral motion tracking (mean tracking error of 2.04 + 1.13
pixels), which provided a robust means to address motion-related challenges during imaging.
A vision-based prospective gating approach was first introduced to compensate for the semi-
periodic abdominal pitching during locomotion. This enabled snapshot imaging of a 2D
sagittal section of the insect at 117 pm isotropic resolution, as well as an axial section through



the thorax at 39 um resolution, clearly delineating internal morphology during behavior.
While this enabled motion-compensated imaging, temporal resolution remained limited
and performance depended on behavioral variability of the insect. Retrospective gating
improved flexibility and enabled the possibility of dynamic imaging, but residual artifacts
persisted due to the inherently non-rigid nature of insect body motion and measurement
uncertainties.

To address the limitations of gating-based motion compensation, a deep learning motion
correction step was applied after gating as part of a combined approach, leading to greater
robustness against motion artifacts and improved image quality. Achieving true dynamic
imaging, however, requires faster acquisition. To this end, acceleration was achieved via
undersampled Cartesian acquisition, with a deep learning-based framework employed to
mitigate the resulting reconstruction artifacts. In the absence of parallel imaging hardware,
which limited spatial acceleration, integrating a view-sharing strategy with deep learning
proved more effective, leveraging temporal redundancy to improve initialization and re-
store image quality in dynamic 2D imaging. While the resulting temporal resolution of
1.2 s/frame at an acceleration factor of 2.5X remain modest, the proposed approach rep-
resents a promising direction for future non-invasive dynamic biomechanical studies of
tethered insects.

These contributions provide a systematic framework for motion-inclusive pMRI, bridging
the gap between high-resolution structural imaging and the study of small organisms in
active, near-naturalistic conditions.



Zusammenfassung

Die Magnetresonanztomographie (MRT) bietet ein leistungsstarkes, nicht-invasives Ver-
fahren zur Untersuchung biologischer Strukturen und Funktionen iiber verschiedene Skalen
hinweg, bietet eine beispiellose Vielseitigkeit und macht sie zu einer vielversprechenden
Methode zur Untersuchung kleiner, frei beweglicher Modellorganismen. Lebende Systeme
sind jedoch von Natur aus dynamisch, und Bewegungen stellen fiir die MRT eine stindige
Herausforderung dar, vor allem aufgrund der relativ langsamen, sequenziellen Datenerfas-
sung. In der klinischen und préklinischen Bildgebung gibt es etablierte Strategien, um die
Auswirkungen physiologischer Bewegungen und kleiner unwillkiirlicher Bewegungen auf
die Bildqualitat zu bewéltigen. Diese Ansétze beriicksichtigen jedoch keine grofiraumigen
Verhaltensbewegungen. Wahrend eine solche Bewegung in der klinischen Bildgebung
selten berticksichtigt wird, zielen Studien an Modellorganismen haufig darauf ab, biologis-
che Prozesse in vivo zu beobachten, bei denen natiirliche Bewegungen einen integralen
Bestandteil der zu untersuchenden Phdnomene bilden.

Mikro-magnetresonanztomographie (WMRT), die hochauflésende Adaption von MRT fiir
mikroskopische Maf3stébe, bietet einen einzigartigen Einblick in die innere Morphologie
kleiner Modellorganismen und stellt eine ideale Methode fiir solche Untersuchungen dar.
Um dieses Potenzial auszuschopfen, sind neue Bildgebungskonzepte erforderlich, die Be-
wegung als wesentlichen Bestandteil der MRT-Messung betrachten, natiirliches Verhalten
zulassen und gleichzeitig dessen Auswirkungen wahrend der Datenerfassung und Rekon-
struktion modellieren und korrigieren. Insekten eignen sich hervorragend als Modelle
fiir die Entwicklung und Validierung dieser Ansatze. Mit diesem Ziel vor Augen unter-
sucht diese Arbeit die Machbarkeit der MRT bei kleinen, frei bewegenden Organismen
und beleuchtet die Grenzen der Implementierung eines solchen Rahmens innerhalb eines
UMRT-Systems. Diese initialen Befunde motivieren die Entwicklung einer experimentellen
Plattform, die darauf ausgelegt ist, lebende, aktive Insekten unter minimal eingeschrankten
Bedingungen mithilfe eines in situ-Laufbands zu untersuchen, kombiniert mit Methoden
zur bewegungskompensierten Bildgebung wahrend der tethered Fortbewegung.

Das MR-kompatible Laufbandsystem ermoglicht die tethered Fortbewegung von Insekten
innerhalb eines 15.2 T Ultrahochfeld-Préaklinikscanners. Diese Konfiguration begrenzt die
Bewegung weitgehend innerhalb des FOV der Spule, wahrend gleichzeitig ein nahezu natiir-



liches Laufverhalten. Dariiber hinaus wurde ein integriertes MR-kompatibles Computer-
Vision-System entwickelt, das einen Optical-Flow-Algorithmus zur Echtzeit-Erfassung von
Verhaltensbewegungen einsetzt (mittlerer Tracking-Fehler von 2.04 + 1.13 Pixeln) und damit
eine robuste Methode zur Bewaltigung bewegungsbedingter Herausforderungen wahrend
der Bildgebung bereitstellt. Ein visionsbasiertes prospektives Gating-Verfahren wurde initial
eingefiihrt, um die semi-periodische Pitching-Bewegung des Abdomens wahrend der Loko-
motion zu kompensieren. Dadurch wurde eine Snapshot-Bildgebung eines 2D-sagittalen
Schnitts des Insekts mit isotroper Auflosung von 117 pm sowie eines axialen Schnitts durch
den Thorax mit 39 pm Auflosung ermoglicht, wodurch die innere Morphologie wahrend des
Verhaltens klar abgebildet werden konnte. Obwohl dadurch eine bewegungskompensierte
Bildgebung erreicht wurde, blieb die zeitliche Auflésung begrenzt und die Leistung hing
von der Verhaltensvariabilitit des Insekts ab. Retrospektives Gating erhohte die Flexibilitat
und eroffnete die Perspektive dynamischer Bildgebung, jedoch traten weiterhin Residu-
alartefakte auf, bedingt durch die inharent nicht-rigide Natur der Insektenkorperbewegung
sowie Messunsicherheiten.

Um die Einschrankungen der gating-basierten Bewegungskompensation zu iiberwinden,
wurde nach dem Gating ein Deep-Learning-basierter Korrekturschritt als Teil eines kom-
binierten Ansatzes angewandt, was zu einer héheren Robustheit gegeniiber Bewegungsarte-
fakten und einer verbesserten Bildqualitat fithrte. Die Realisierung einer echten dynamis-
chen Bildgebung erfordert jedoch eine schnellere Akquisition. Zu diesem Zweck wurde
eine Beschleunigung durch unterabgetastete kartesische Akquisition erreicht, wobei ein
Deep-Learning-gestiitztes Framework zur Reduktion der daraus resultierenden Rekonstruk-
tionsartefakte eingesetzt wurde. In Abwesenheit von Parallelbildgebungshardware, die die
raumliche Beschleunigung einschrankte, erwies sich die Integration einer View-Sharing-
Strategie mit Deep Learning als besonders effektiv, indem zeitliche Redundanz genutzt
wurde, um die Initialisierung zu verbessern und die Bildqualitét in der dynamischen 2D-
Bildgebung wiederherzustellen. Obwohl die resultierende zeitliche Auflosung von 1.2 s/Bild
bei einem Beschleunigungsfaktor von 2.5x weiterhin moderat ist, stellt der vorgeschla-
gene Ansatz eine vielversprechende Richtung fiir zukiinftige nicht-invasive dynamische
biomechanische Untersuchungen an Insekten dar.

Diese Beitrage liefern einen systematischen Rahmen fiir bewegungsintegrierte uMRT und
schlieflen die Liicke zwischen hochauflosender struktureller Bildgebung und der Unter-
suchung kleiner Organismen unter aktiven, nahezu naturgetreuen Bedingungen.
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Abbreviation Definition

MRI
MRT
UMRT
fMRI
MRS
CSI
MRSI
PRESS
UMRI
MRM
NMR
RF
SNR
CNR
FOV
FID
FFT
DFT
PMC
RMC
PNS
VS
TR
TE

Magnetic Resonance Imaging
Magnetresonanztomographie
Mikro-Magnetresonanztomographie
Functional Magnetic Resonance Imaging
Magnetic Resonance Spectroscopy
Chemical Shift Imaging

Magnetic Resonance Spectroscopic Imaging
Point Resolved Spectroscopy
Micro-Magnetic Resonance Imaging
Magnetic Resonance Microscopy
Nuclear Magnetic Resonance
Radiofrequency

Signal-to-Noise Ratio
Contrast-to-Noise Ratio

Field of View

Free Induction Decay

Fast Fourier Transform

Discrete Fast Fourier Transform
Prospective Motion Correction
Retrospective Motion Correction
Peripheral Nerve Stimulation

View Sharing

Repetition time

Echo time
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RARE Rapid Acquisition with Relaxation Enhancement
TSE Turbo Spin Echo
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FLASH Fast Low Angle Shot

CS Compressed Sensing

ZF Zero-Filling

PCB Printed Circuit Board

TTL Transistor-Transistor Logic
EMI Electromagnetic Interference
PLA Polylactic Acid

MLP Multilayer Perceptron

CNN Convolutional Neural Network
RNN Recurrent Neural Network

Al Artificial Intelligence

DL Deep Learning

ReLU Rectified Linear Unit

MSE Mean Squared Error

RMSE Root Mean Squared Error
MAE Mean Absolute Error
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YOLOVS You Only Look Once
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By Static main magnetic field (T)
By Transverse radio-frequency magnetic field
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1 Introduction

1.1 Motivation

Biological systems are inherently dynamic, and many processes of interest occur under
conditions of natural, unrestricted motion. Imaging and spectroscopic techniques used to
study such systems must therefore minimize perturbation and avoid invasive interventions
that could alter physiological or behavioral states. Consequently, the ability to investigate
freely behaving organisms is central to many areas of zoology, enabling the study of
locomotion, biomechanics, neural activity, and other physiological processes within an
ecologically relevant context.

A wide range of experimental modalities and tools are available to address these goals,
including X-ray, optical, and electrophysiological techniques. These approaches are based
on distinct physical principles and provide different types of information, varying in spatial
and temporal resolution as well as in their degree of invasiveness. Conventional experi-
mental approaches often require sacrificing, physically restraining, or anesthetizing the
organism, conditions that can significantly alter natural behavior. Despite these limitations,
methods such as fluorescence imaging, optogenetics, and electrophysiology have developed
into powerful tools for studying neural and physiological activity in behaving vertebrate
and invertebrate model organisms, often under partially restrained conditions [1, 2, 3].
Similarly, high-speed X-ray cine-tomography has enabled four-dimensional imaging of
internal dynamics in small living insects [4, 5]. Nevertheless, many of these approaches still
impose physical or physiological constraints and remain invasive to varying degrees.

Magnetic resonance imaging (MRI) stands out among imaging techniques for its versatility
and its ability to provide rich morphological, functional, chemical, and dynamic information
about living matter non-invasively. It therefore represents a promising tool for studying
freely moving biological systems. Although MRI techniques have been widely used to image
dynamic aspects of internal physiology in both clinical studies and in preclinical small-
animal research, their application has largely been restricted to otherwise static subjects.
In particular, “behavioral motion” or large-scale body motion is typically avoided, and is
generally treated as a limitation that must be minimized rather than an opportunity to be
explored.



1 Introduction

The fundamental limitation arises from the nature of MRI data acquisition itself. In general,
raw MRI signals (k-space) are sampled sequentially and relatively slowly, with the imaging
coordinate system defined by three orthogonal magnetic field gradients. Motion of the sub-
ject during acquisition disrupts the alignment between the imaging and subject coordinate
systems, leading to artifacts in the reconstructed images and representing a long-standing
challenge in MRI. Considerable efforts have been made to address various aspects of motion
in clinical MRI, with a wide range of techniques spanning the entire MRI pipeline, from
acquisition to image reconstruction [6, 7].

These constraints become even more pronounced in ultra-high-field systems, where longer
acquisition times and increased sensitivity to field inhomogeneities amplify these artifacts.
Although small animal models in preclinical MRI have advanced toward dynamic functional
imaging of brain activity and internal physiology, even recent awake fMRI studies [8, 9,
10] typically require substantial physical restraint, and often brief pre-scan anesthesia, to
mitigate motion artifacts. These challenges intensify in magnetic resonance microscopy
(MRM), also known as micro-magnetic resonance imaging (UMRI), a high-resolution variant
of MRI optimized for small samples and typically achieving voxel resolutions below 100 pm!.
UMRI offers exceptional morphological detail in small organisms but is limited by high
motion sensitivity and the spatial constraints of narrow-bore geometries, for the case of
freely moving organisms. Consequently, uMRI applications in invertebrate zoology have
largely focused on static morphological imaging of immobilized, sedated, or postmortem
specimens [11, 12, 13].

Flow-through MRI systems have demonstrated that high-resolution, non-invasive imaging
of physiological processes is possible in live fish and marine invertebrates under con-
trolled, simulated environmental conditions [14, 15, 16]. While these approaches relax some
experimental constraints, they remain incompatible with unconstrained locomotion or
spontaneous, self-directed behavior, including stimulus-driven responses under naturalistic
conditions. Even in adult human MRI, the nominally optimal acquisition state depends on a
combination of conscious cooperation, instructed immobility, physical stabilization, and
often anxiety-driven self-restraint to minimize motion artifacts.

Collectively, these challenges highlight a fundamental limitation: the study of behavior,
locomotion, and biomechanical processes using MRI remains largely restricted by current
methodological constraints. Developing methods that allow high-resolution imaging of
freely behaving subjects would represent a major advance, providing structural and func-
tional insights under naturalistic conditions. To realize this potential, motion and dynamics
must be treated as intrinsic components of the measurement rather than merely sources of
artifacts.

1 The terms pMRI and MRI are used interchangeably in this thesis, depending on whether the context
emphasizes the high-resolution experimental setup or the general MRI modality.



1.1 Motivation

Fundamentally, this challenge consists of two main components: developing experimental
frameworks that permit natural behavior within the imaging system, and designing strate-
gies to mitigate motion artifacts that arise. Fully unconstrained movement is generally
incompatible with MRI, while excessive restraint suppresses the behaviors of interest. These
considerations motivate minimally constrained paradigms that stabilize the subject while
preserving essential locomotor activity, using insects as the model system. Initial efforts
focused on capturing single-frame snapshots during active locomotion states of the in-
sect. This evolved toward dynamic imaging, enabling continuous observation of locomotor
activity and the potential to quantify biomechanical processes.

In summary, the thesis investigates how uMRI can be adapted to accommodate the behavioral
motion of small organisms through novel experimental and methodological frameworks.
The following sections will present the structure and main contributions of this thesis.
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1.2 Outline

The theoretical background underlying the core principles and technologies addressed in
this thesis is presented in Chapter 2. Initial exploratory investigations make Chapter 3. The
principal scientific contributions of this work are presented in three manuscripts, which
form the core Chapters 4, 5, and 6. Finally, potential directions for future research are
discussed in Chapters 7 and 8. An overview of these is presented below:

Chapter 2 reviews the fundamentals of nuclear magnetic resonance (NMR) signal formation
and describes how spatial information is encoded to generate images in MRI. It then proceeds
with the effect of motion in MRI: motion during acquisition violates the assumption of a
static subject and results in motion artifacts. Finally, the principles of deep learning are
introduced within the scope of this work, highlighting their relevance to the applications
developed throughout the thesis.

Chapter 3 introduces the paradigm of freely moving organisms in the context of MRI,
extending the discussion of general motion-related challenges to the specific case of freely
moving insects in uMRI The chapter highlights the associated technical and methodological
challenges, and presents initial exploratory work that lays the foundation for the core
contributions of the thesis. In particular, it introduces an in situ treadmill-based paradigm
for imaging active, behaving organisms under minimal constraints.

Chapter 4 further develops the idea of an in situ treadmill as an effective platform for MRI
of actively behaving insects. This chapter focuses on the design and development of the
treadmill system, including the development and integration of an MR-compatible optical
imaging setup and an optical flow-based vision algorithm for real-time motion tracking of
active insects. The chapter concludes with the development of a prospective gating strategy
for motion-compensated MRI of the sun beetle (Pachnoda marginata).

Chapter 5 presents a retrospective motion correction strategy for behaving insects. Prospec-
tive gating alone often yields poor temporal resolution due to the irregular locomotion
patterns of tethered insects. To address this, a fully retrospective motion compensation
approach was developed, combining retrospective gating with a deep learning-based resid-
ual motion artifact correction framework. This method enhances temporal resolution and
advances the goal of dynamic MRI in active insects.

Chapter 6 focuses on the development of an accelerated MRI acquisition scheme for dynamic
imaging. While Cartesian undersampling combined with supervised deep learning acceler-
ates acquisition, excessive undersampling can lead to severe blurring. To mitigate this, a
view-sharing preprocessing step followed by deep learning-based correction significantly
improves image reconstruction quality, providing higher apparent temporal resolution to
resolve the biomechanics of insect locomotion.



1.2 Outline

Chapter 7 explores the feasibility of in vivo localized magnetic resonance spectroscopy
(MRS) in tethered insects by demonstrating stable acquisition of localized spectra, including
water and lipid resonances, over extended durations.

Chapter 8 provides concluding remarks for the thesis and outlines potential directions for
future research.
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1.3 Main results

The research conducted within the scope of the doctoral project has led to three first-author
publications, which are summarized below. A complete list of all publications, including
co-authored works and conference contributions, is provided in Chapter 8.2.

1. Motion compensated magnetic resonance imaging of an active sun beetle using
an in situ treadmill [17]
Journal: Scientific Reports (2025)
Authorship: First author
Content: This work introduces the in situ spherical treadmill platform for performing
motion-compensated MRI of a tethered, walking sun beetle. The study focuses on the
design and implementation of the treadmill system, and an MR-compatible computer
vision pipeline for real-time motion estimation for a prospective gating scheme for
motion compensated MRL
Contribution: Conceptualization, methodology, software, investigation, data curation,
visualization, writing.

2. Residual motion artifact removal enables dynamic pMRI of a behaving Pachnoda
marginata 18]
Journal: Journal of Magnetic Resonance (2025)
Authorship: First author
Content: This study focuses on the implementation of retrospective gating for motion-
compensated pMRI of a behaving sun beetle. Compared with prospective gating, this
approach offers more relaxed constraints and increased flexibility. Residual motion
artifacts introduced by the gating process are subsequently corrected using a deep
learning-based framework.
Contribution: Conceptualization, methodology, software, investigation, data curation,
visualization, writing.

3. In situ time-resolved motion of a tethered Pachnoda marginata, Al-correlated
using pMRI and optical imaging [19]
Journal: Journal of Magnetic Resonance (2026)
Authorship: First author
Content: Here, the limitations of gating in the presence of non-rigid, irregular motion
of the sun beetle are addressed using an accelerated acquisition scheme. View-sharing
of k-space improves undersampling efficiency, and a subsequent deep learning module
refines the reconstruction. This ultimately paves the way for dynamic uMRI of a behaving
organism.
Contribution: Conceptualization, methodology, software, investigation, data curation,
visualization, writing.



2 Background

This chapter reviews the foundational concepts underlying magnetic resonance imaging
(MRI), beginning with the physical principles that govern signal generation. It then describes
how these signals are spatially encoded to produce images, and examines the impact of
subject motion on image reconstruction. The chapter concludes with an overview of the
theoretical foundations and methodologies of deep learning relevant to the applications
developed in this thesis.

Parts of this chapter are based on the principles outlined in the textbook by Haacke et al. [20],
with more detailed treatments available in the comprehensive references by Bernstein et
al. [21], Levitt [22], and Callaghan [23].

2.1 Nuclear magnetic resonance (NMR)

The versatility of MRI arises from a fundamentally unique mechanism of image formation
compared to conventional scattering or attenuation-based imaging modalities [23]. Instead
of relying on the interaction of radiation with matter through absorption or scattering,
MRI derives image contrast from the intrinsic magnetic properties of specific atomic nuclei
(primarily 'H in clinical imaging) possessing nonzero nuclear spin. The physical basis of
MRI is the phenomenon of nuclear magnetic resonance (NMR), which exploits the intrinsic
quantum mechanical property of nuclear spin and its associated magnetic moment. When
placed in an external magnetic field and subjected to timed radiofrequency (RF) excitation,
nuclear spins exhibit a characteristic relaxation response that depends on their local chemical
and physical environment. This gives rise to the measurable MR signal and forms the basis
for the extraction of spatially, temporally, and chemically specific information from the
sample.

In this section, the fundamental principles of NMR are reviewed, beginning with the be-
havior of individual nuclear spins in a magnetic field and progressing to the formation
of a measurable macroscopic magnetization from the ensemble of spins. This collective
magnetization constitutes the primary source of the MR signal and provides the foundation
for subsequent spatial encoding and image formation.
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2.1.1 Nuclear spin and magnetic moment

Atomic nuclei with an odd number of protons and/or neutrons possess a quantum mechanical
property known as nuclear spin angular momentum, denoted by I, with an associated
nuclear magnetic dipole moment, p, defined by the relationship:

p=vl (2.1)

where y is the gyromagnetic ratio, a nucleus-specific constant. For the 'H nucleus, y/27 ~
42.58 MHz/T.

When placed in a static external magnetic field By, the magnetic moment experiences a
torque T = p X By. This interaction causes the magnetic moment to precess about the axis
of the external field at a specific frequency known as the Larmor frequency, w:

wo = yBo. (2.2)

This precession is an inherent property of the spin system and persists even at thermal equi-
librium. The Larmor frequency establishes the fundamental resonance condition required
for subsequent excitation and signal detection.

2.1.2 Net magnetization

At thermal equilibrium, nuclear spins in a sample preferentially align along the static
magnetic field By, giving rise to a net magnetization M, along the longitudinal (z) axis. For
spin-% nuclei such as protons (*H), the spins occupy two possible energy states: the lower-
energy « state (magnetic moment parallel to By) and the higher-energy f state (magnetic
moment antiparallel to By). This is illustrated in Fig. 2.1(a-b).

The slight population difference between these two states is governed by the Boltzmann
distribution. Under the high-temperature approximation (where the Zeeman energy is
much smaller than the thermal energy, y/iB, < kpT), the fractional population difference is

expressed as:
Ny — Nﬂ N yhBo

N 2kgT

where N, and Ny are the number of spins in the @ and f states, respectively, N is the

<1, (2.3)

total number of spins, y is the gyromagnetic ratio, 7 is the reduced Planck constant, kg is
Boltzmann’s constant, and T is the absolute temperature.

The resulting macroscopic magnetization is given by:

yztho
4kpT

Mo = po ="k, (2.4)
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where py is the equilibrium spin density and k is the unit vector along the z-axis. Although
the population difference is extremely small (on the order of parts per million), it is sufficient
to generate a measurable MR signal once the net magnetization is rotated into the transverse
plane. The magnitude of M, scales linearly with the static field By and inversely with
temperature, providing the fundamental basis for MRI signal-to-noise ratio (SNR).

a. b.
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o (parallel to By)

Figure 2.1: Nuclear spin magnetization and the energy diagram. (a) Nuclear spins at thermal
equilibrium in the absence of an external magnetic field. (b) In the presence of a static
magnetic field By, a slight population imbalance results in a net longitudinal magnetization
M.

2.1.3 Radiofrequency (RF) excitation

At equilibrium, the net longitudinal magnetization M, is aligned with the static magnetic
field By. In this state, the magnetization is stationary and does not induce a detectable signal
in the receiver coils. To generate a measurable MR signal, the magnetization must be tipped
into the transverse (x-y) plane, as illustrated in Fig. 2.2(a-d).

The excitation process is commonly described using a semi-classical treatment. In this
model, the collective quantum behavior of the spin ensemble is represented by a single
macroscopic magnetization vector. Displacement of this vector is achieved by applying a
RF magnetic field, B (¢), perpendicular to By. To achieve resonance and effectively transfer
energy to the spin system, the B; field must oscillate at the Larmor frequency (wy = yBp) in
the laboratory frame. In a reference frame rotating at o, the RF field appears static, and
the magnetization rotates about the B; axis. A pulse of appropriate amplitude and duration,
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such as a /2 pulse, rotates the longitudinal magnetization entirely into the transverse
plane:
o= YBITrf» (25)

where « is the flip angle and 7,¢ is the RF pulse duration.

Following excitation, the transverse magnetization M,, precesses at the Larmor frequency
wo, producing a time-varying magnetic flux through nearby receive coils. This changing
flux induces voltage governed by Faraday’s law,

oy

&=

(2.6)
yielding the free induction decay (FID), the fundamental MR signal prior to spatial
encoding. The resonance condition (wy = yBy) ensures efficient, coherent excitation.

2.1.4 Relaxation

After the magnetization is tipped into the transverse plane, it does not remain constant.
The transverse magnetization decays and the longitudinal magnetization recovers due to
interactions between spins and their environment, a process known as relaxation. This
evolution is described by the phenomenological Bloch equation:

dM M i+ M,j M, — My)k
A (MxB)- y]_( 0)
T, Ti

= 2.7
" (2.7)
where the first term, y(M X B), represents the precessional motion of the magnetization
in the magnetic field, while the subsequent terms account for the two primary relaxation
processes:

« Longitudinal relaxation (T;): Also known as spin-lattice relaxation, this describes the
recovery of the longitudinal magnetization M, toward its equilibrium value M,. This
process involves an exchange of energy between the spin system and the surrounding
molecular environment (the “lattice”). As illustrated in Fig. 2.2(f), the recovery follows:

M, (£) = M,(0)e™T + M, (1 - e_t/Tl) . 2.8)

« Transverse relaxation (7;): Often called spin—spin relaxation, this describes the
decay of transverse magnetization M., due to the loss of phase coherence between
neighboring spins. Unlike T3, this process involves no net energy change but rather a
dispersal of the phase. As illustrated in Fig. 2.2(g), the decay is given by:

My (t) = My (0) 7/, (2.9)

10
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Figure 2.2: RF excitation and relaxation of net nuclear magnetization in the rotating frame
of reference. (a) A 90° RF excitation rotates the net longitudinal magnetization M, into
the transverse (x—y) plane. (b—d) Magnetization relaxing back to equilibrium, with (e)
showing the FID signal. (f) Recovery of longitudinal magnetization, characterized by the
longitudinal relaxation time T;. (g) Decay of transverse magnetization, characterized by the
transverse relaxation time T,.
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These relaxation processes are tissue-specific; consequently, they govern the signal intensity,
decay characteristics, and the resulting contrast between different anatomical structures. In
practice, the observed transverse signal decays more rapidly than T, predicts. This effective
relaxation time, denoted as T, accounts for both the intrinsic spin—spin interactions and the
additional dephasing caused by spatial inhomogeneities in the static magnetic field (AB).
This relationship is expressed as:

1 1 1 1

—t= ==+ }/AB(), (210)
> L T, T
where T, accounts for the dephasing caused by these field variations. Consequently, T
is always shorter than Ty, as it reflects the combined influence of irreversible spin—spin
interactions and the additional, often reversible, dephasing from field non-uniformities.

2.1.5 Signal formation: FID vs. echoes

Immediately following a 90° RF excitation pulse that tips longitudinal magnetization into
the transverse plane, the precessing transverse magnetization induces a voltage in the
receive coil, producing the FID signal, as mentioned in Section 2.1.3. The FID reflects the
combined effects of intrinsic transverse relaxation (7;) and dephasing due to magnetic
field inhomogeneities (ABy), therefore decaying with the effective time constant T while
oscillating at the Larmor frequency.

Spin echo (SE): By applying a 180° RF refocusing pulse, static field inhomogeneity-induced
dephasing can be reversed through phase reversal, forming an echo signal whose decay is
now governed primarily by T3, as illustrated in Fig. 2.3. Under ideal refocusing conditions,
the echo signal amplitude at echo time TE is given by,

Secho & MO e_TE/TZ- (2.11)

Gradient recalled echo (GRE): Alternatively, echo signals may be formed using de-
liberately applied magnetic field gradients superimposed on By. These gradients induce
controlled, spatially dependent dephasing across the sample, which can be reversed by
inverting the polarity to generate a gradient echo, which is illustrated in Fig. 2.4. Unlike spin
echoes, gradient echoes do not refocus dephasing caused by static field inhomogeneities
and therefore remain T, -weighted. Gradient-echo formation relies on controlled gradient
reversal rather than RF refocusing, enabling rapid generation of echo signals (important for
imaging), while remaining sensitive to dephasing from static magnetic field inhomogeneities.
Together, FID and echoes constitute the fundamental MR signals that form the basis for
subsequent spatial encoding using magnetic field gradients and image formation.

12
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Figure 2.3: Spin echo refocusing.
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Figure 2.4: Gradient echo refocusing.
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2.1.6 Chemical shift

The measured FID reflects the coherent precession of an ensemble of spin isochromats
at their respective Larmor frequencies. Within this framework, chemical shift arises
as a consequence of the microscopic magnetic environment of each nucleus. Electrons
surrounding the nucleus partially shield it from the external field By, leading to a slightly
modified effective magnetic field and, therefore, a small shift in resonance frequency. Nuclei
in different molecular environments thus precess at slightly different frequencies. This
frequency offset relative to a reference compound is expressed in parts per million (ppm) as,

5 =22l 108, (2.12)
QWref

In NMR spectroscopy, these frequency differences form the fundamental basis of molecular
and structural characterization, as chemically distinct species produce separate spectral
peaks. In MRI, by contrast, chemical shift does not primarily encode molecular structure
but instead appears as a frequency-dependent spatial displacement in the readout direction,
often observed as chemical shift artifacts [20]. Nevertheless, this effect can be deliberately
exploited in techniques such as fat-water separation [24].

Beyond conventional imaging, chemical shift is also utilized in magnetic resonance spec-
troscopic imaging (MRSI), also known as chemical shift imaging (CSI). Here, the spatial
encoding and spectral information are combined to map the distribution of specific metabo-
lites in vivo, effectively performing localized spectroscopy across an entire imaging volume.

14
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2.2 Magnetic resonance imaging (MRI)

The signal measured in an NMR experiment can be in the form of an FID or as an echo,
and constitutes the collective summation of transverse magnetization from all excited
voxels within the detection range of the RF coil. The defining feature of MRI lies in its
ability to spatially encode this signal. To discriminate contributions from different spatial
locations, RF pulses and magnetic field gradients must be applied with precise timing and
coordination. This orchestrated pattern of RF and gradient manipulations is known as
a pulse sequence and forms the fundamental framework for translating nuclear spin
information from physical space into a spatially encoded signal.

2.2.1 Spatial encoding

The fundamental mechanism of spatial encoding is rooted in the Larmor relationship, o = yB,
which dictates that the precessional frequency of nuclear spins is linearly proportional to
the local magnetic field strength. By superimposing three orthogonal, linear magnetic field
gradients; Gy, G, and G, onto the static field By, the Larmor frequency becomes a function
of position:

w(r) =y(Bo+G-r), (2.13)

where r is the position vector. To resolve a multidimensional image, this spatial dependence
is utilized in two distinct manners depending on the timing of the gradient application
relative to signal acquisition. Spatial information is first encoded through the application of
gradients for finite durations prior to signal acquisition, which induce position-dependent
phase shifts in the transverse magnetization (phase encoding). During signal readout, a
gradient is subsequently applied so that spatial location is directly mapped onto precessional
frequency (frequency encoding). Conventionally, MRI signal formation and encoding are
described in a reference frame rotating at the Larmor frequency, with the z-axis aligned
along the direction of the main magnetic field By.

2.2.1.1 Slice selection

Spatial localization begins with the selective excitation of spins. By applying a linear
magnetic field gradient G, along the z-direction, the total magnetic field becomes position-
dependent:

B(z) = By + G.z, (2.14)

resulting in a spatially varying Larmor frequency w(z) = yB(z). When an RF pulse with
center frequency wgr and bandwidth Aw is applied simultaneously with the gradient, only
spins within a specific spatial region are tipped into the transverse plane (see Fig. 2.5(a)).
The slice position zy and thickness Az are defined as:

_ (RF / y — BO Aa)

, NAz= . (2.15)
G, YG;

20
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2.2.1.2 Phase encoding

Once spins are excited within the slice, spatial encoding within the xy-plane is required.
Phase encoding is performed by applying a gradient pulse G, for a duration 7. along the
y-axis before signal acquisition. This gradient induces a position-dependent phase shift
¢(y) that persists after the gradient is deactivated:

P(y) = y/O : Gy(1)ydr = yGyyrpe. (2.16)

This phase imprint manifests as a position-dependent factor e/?(¥) = ¢/YCv%<Y in the received
signal. To resolve the y-dimension, the pulse sequence is repeated Ny times, each with a
unique gradient amplitude G, thereby sampling different spatial phase offsets across the
object.

a. b.
w k-space

CEOOOOE

W N Y

Az Frequency encoding

Figure 2.5: Spatial encoding in MRI. (a) Slice selection. (b) Phase and frequency encoding
for k-space sampling, and subsequent image reconstruction. (Brain MRI from [25]).

2.2.1.3 Frequency encoding

The final spatial dimension is encoded during signal acquisition (readout). A constant
gradient Gy is applied along the x-axis, causing the Larmor frequency to be a function of x
position:

w(x) = y(By + Gyx). (2.17)

This induces a time-dependent phase accrual ¢, (x,t) = /Ot w(x) dt’ = yGytx (ignoring the
constant By term). The received signal s(¢) is the integral of the transverse magnetization
across the excited slice, encoded with both the persistent phase from the y-gradient and the
evolving phase from the x-gradient:

s(t) = / / p(x, y) e YOyl oI (YODX g gy (2.18)

where p(x, y) represents the spin density in the imaging plane.

16



2.2 Magnetic resonance imaging (MRI)

2.2.2 k-space formalism

The spatial encoding process described above can be unified by introducing the concept of
k-space, which essentially represents the spatial frequency domain of the image. We can
define the spatial frequencies k and k, as the time-integrals of the applied gradients:

t
k(1) = l/ G (1)dr = LG,t, (2.19)
27 Jo 27

O 4
ky = 27 ), Gy(r)dr = gGyTpe. (2.20)
By substituting these k-variables into Equation 2.18, the signal equation takes the form of a
2D Fourier Transform. This can be written compactly using the k-space vector k = (ky, k)

and the position vector r = (x, y):

s(k) = // p(r) e k") gp. (2.21)

In this framework, the sampling trajectory through k-space is determined by the pulse
sequence timing: each readout acquires one line along k,, while phase-encoding gradients
step through k; positions. A schematic illustration of phase and frequency encoding used
for k-space sampling and the subsequent Fourier reconstruction is shown in Fig. 2.5(b).

2.2.2.1 Image reconstruction

The Fourier reconstruction implies that the spatial spin density p(r) can be recovered from
the measured k-space signal s(k) by applying the inverse Fourier transform:

p(r) = // s(k) 27k g, (2.22)

In practice, MRI data are acquired on a discrete Cartesian grid in k-space, where the measured
samples are denoted as s[m, n] = s(mAky, nAk,). Image reconstruction is implemented
numerically using a two-dimensional inverse discrete Fourier transform (2D-IDFT):

g Nt o222
plp.ql = s[m,n] " \NTNy ) (2.23)
N.N, mZ:O ;

Efficient computation is achieved using fast Fourier transform (FFT) algorithms. The
reconstructed image represents a discretized estimate of the underlying spin density, while
the image contrast is governed by the selected pulse sequence and timing parameters.

2.2.2.2 Field of View and resolution

The FOV and spatial resolution (A) are inversely related to the sampling density and the
maximum extent reached in k-space, respectively:

17
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« Phase Encoding (y-direction):

1 1
FOV, = v Ay =

« Frequency Encoding (x-direction):

1
FOV, = —, Ax =
7 Dy F T e

Thus, the FOV is determined by the spacing between adjacent k-space samples (Ak), whereas
the spatial resolution depends on the total k-space coverage (2kpax). Adequate sampling
(satisfying the Nyquist criterion) is essential to avoid aliasing artifacts and to achieve the
desired detail in the image.

2.2.2.3 SNR and k-space properties

The SNR is a primary metric of image quality, defined as the ratio of the mean signal
amplitude to the standard deviation of background noise. The signal amplitude scales with
voxel volume AxAyAz, while noise increases with the receiver bandwidth and decreases
with the square root of the total acquisition time. Combining these effects for conventional
fully sampled Cartesian imaging yields the simplified scaling

Ny * Navg

SNR o« AxAyAz - | —=———,
BWread

(2.24)

where Ny is the number of phase-encoding steps, Ny the number of signal averages, and
BW/cad the receiver bandwidth. This relation assumes fixed sequence parameters and fully
sampled acquisition; in practice, other factors such as field strength, coil sensitivity, and
relaxation times also affect SNR.

The k-space signal distribution, and its impact on image quality, depends on both the
underlying object structure and the acquisition parameters such as voxel size, readout
bandwidth, and phase-encoding coverage. Key k-space properties relevant to SNR and
resolution include:

« Energy distribution: Signal energy is non-uniformly distributed; the k-space center
(low spatial frequencies) contains the highest amplitudes and determines global image
contrast and bulk SNR. The periphery (high spatial frequencies) encodes sharp edges
and fine structural details but possesses much lower signal amplitudes.

« Resolution trade-offs: Increasing spatial resolution by extending k-space coverage
(kmax) incurs a significant SNR penalty. Smaller voxels contain fewer spins and
therefore generate less signal per voxel, resulting in a reduced SNR.

18
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« Readout bandwidth: The receiver bandwidth (BW.,q) determines the sampling
rate along k,. While a higher bandwidth reduces the spatial displacement of chemical
shift artifacts, it increases the integrated noise, thereby reducing the overall SNR.

2.2.3 Pulse sequences

MRI pulse sequences consist of a carefully timed series of RF excitations, magnetic field
gradient switching that imparts spatially dependent frequency and phase shifts to the
precessing spin ensembles, and signal acquisition periods for the k-space sampling. By
varying the order, timing, and combination of these elements, different strategies can be
employed to manipulate spin behavior, encode spatial information, and generate tissue
contrast. These sequences can be broadly classified as spin-echo or gradient-echo methods,
depending on how the transverse magnetization is refocused and the resulting signal is
formed, each offering distinct imaging characteristics and contrast mechanisms.

2.2.3.1 Spin Echo (SE) imaging

Spin echo imaging builds on the basic refocusing mechanism described in Section 2.1.5. In
an SE sequence, a 90° RF excitation pulse tips the net magnetization into the transverse
plane, where spins begin to dephase due to spin—spin interactions and static magnetic
field inhomogeneities. After a time interval of TE/2, a 180° RF refocusing pulse is applied,
which inverts the phase of the spins and reverses dephasing caused by static field variations.
This process causes the spins to rephase, producing a coherent signal known as the spin
echo at the echo time (TE). Because the refocusing pulse compensates for static field
inhomogeneities, the resulting signal decay reflects the true transverse relaxation time
T,, making spin echo imaging highly robust and reliable. By repeating the sequence at a
chosen repetition time (TR) and systematically varying spatial encoding gradients, spin
echo imaging enables precise control of image contrast and forms the gold standard for
T,-weighted MRI. Basic schematic representation of the sequence is shown in Fig. 2.6.

2.2.3.2 Rapid Acquisition with Relaxation Enhancement (RARE) imaging

The RARE [26] sequence (also referred to as Turbo/Fast Spin Echo, TSE/FSE) is a rapid
imaging technique derived from the conventional spin echo sequence. Following a single
90° RF excitation pulse, a train of 180° RF refocusing pulses is applied, generating multiple
spin echoes within one TR. Unlike the standard spin echo sequence, which acquires only
a single line of k-space per TR, each echo produced in the RARE sequence is associated
with a different phase-encoding gradient. In this way, multiple lines of k-space are sampled
during a single TR, forming an echo train. The number of echoes acquired per TR is defined
as the echo train length (ETL), also known as the RARE factor.

By collecting several k-space lines per TR, the RARE sequence substantially reduces the
total acquisition time. However, because the echoes are recorded at different echo times,
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Figure 2.6: Spin echo pulse sequence.
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the resulting reconstructed image exhibits a combination of T, weighting across k-space.
To control the final image contrast, an effective echo time (TE.g) is defined, corresponding
to the echo which predominantly determines the image contrast. Schematic representation
of the sequence is shown in Fig. 2.7.
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Figure 2.7: RARE pulse sequence.

2.2.3.3 Gradient Echo (GRE) imaging

The GRE pulse sequence is a fast imaging technique that differs fundamentally from the
conventional spin echo sequence by using gradient reversals rather than RF refocusing
pulses to form the echo, as discussed in Section 2.1.5. Following a single RF excitation pulse
with a flip angle a (typically a < 90°), dephasing and rephasing gradient lobes are applied
to generate a gradient echo at the TE. Schematic representation of the sequence is shown in
Fig. 2.8.

Unlike spin echo and RARE-based sequences, GRE does not employ 180° RF refocusing
pulses. As a result, dephasing caused by magnetic field inhomogeneities is not refocused,
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and the signal decay is governed by T, rather than T,. Phase-encoding gradients are
applied between repetitions, allowing one line of k-space to be acquired per TR. Because
GRE sequences can be implemented with short a, TE and TR values, they enable rapid
data acquisition and flexible contrast manipulation. Image contrast is determined by the
choice of a, TR, and TE, and may emphasize T, T, or proton density effects. Additionally,
the absence of refocusing pulses reduces RF power deposition, making GRE sequences
particularly suitable for fast imaging and three-dimensional acquisitions.

-« — TR —> Time
- TE 0
ae Echo
RF — AR oo >
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Gy """""" »
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[

Figure 2.8: Gradient echo pulse sequence.

2.2.4 Image contrast

One of the key features that makes MRI a highly versatile modality is its ability to generate
a wide range of soft-tissue contrast through flexible control of acquisition parameters. The
signal measured from tissues is governed by their intrinsic magnetic properties, primarily
the equilibrium magnetization M, (proportional to proton density (PD)) and the longitudinal
and transverse relaxation time constants Ty and T,. By appropriately selecting the TR and
TE, the relative contributions of these parameters to the detected signal can be selectively
emphasized, thereby determining the effective image weighting.

Under the simplified assumptions of a conventional 90°~180° spin-echo sequence, perfect
refocusing, steady-state magnetization, and negligible effects from flip-angle imperfections,
magnetic field inhomogeneities, and diffusion, the signal S arising from a given tissue can

be approximated as,
TR

_IR\ _TE
SOCMO(l—e Tl)eTZ. (2.25)

From Equation 2.25, maximum signal amplitude is obtained using a long TR in combi-
nation with a short TE, a regime in which contrast is dominated primarily by proton
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density. Increasing the echo time enhances T-weighting by allowing greater transverse
relaxation—-dependent signal decay, whereas reducing the repetition time limits longitudinal
recovery, thereby emphasizing T;-dependent contrast. A combination of short TR and long
TE results in substantial signal attenuation and a corresponding reduction in SNR.

While this signal model captures the primary contrast mechanisms in spin-echo MRI, it
does not account for additional effects such as T, decay, magnetic susceptibility, diffusion,
or perfusion. These effects can be selectively probed using alternative pulse sequences
and advanced imaging techniques, which extend MRI contrast beyond the basic relaxation-
based framework considered here, and are beyond the scope of this thesis (see [20, 21] for a
comprehensive treatment).

As discussed in Section 2.2.3.2, RARE sequences acquire multiple echoes at progressively
longer TE ¢ within a single TR, producing a mixture of T, contrast across k-space. The
central k-space lines, corresponding to low spatial frequencies, are sampled early, when
transverse relaxation has caused minimal signal decay, while the peripheral lines, corre-
sponding to high spatial frequencies, are acquired later and experience greater T, decay. This
progressive decay effectively modulates k-space, acting as a low-pass filter or modulation
transfer function (MTF) that attenuates high-frequency components. The resulting effect
is a characteristic blurring of T,-weighted images, with occasional ghosting artifacts. This
loss of image sharpness represents a fundamental trade-off for the substantial reduction in
acquisition time offered by RARE.
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2.3 Motionin MRI

The demonstration of nuclear magnetic resonance in bulk matter [27, 28] enabled its rapid
evolution into a powerful spectroscopy technique for chemical analysis and was extended to
study molecular motion, diffusion, and flow [29, 30], well before clinical MRI emerged as an
imaging modality. In such experiments, motion is encoded through the phase accumulated
by spins in the presence of magnetic field gradients, providing sensitivity to diffusion and
coherent flow. On the other hand, conventional MRI as introduced later uses gradient-
induced phase shifts primarily to encode spatial position, assuming a static spin density
during the acquisition.

So far, the fundamentals of magnetic resonance and spatial encoding in MRI have been
discussed under the assumption of a static subject. In reality, biological systems are rarely
stationary, and can violate assumptions inherent in the underlying MRI forward model. This
section examines motion as a fundamental challenge in MRI, with emphasis on its impact
on image reconstruction. Concepts established in clinical MRI serve as the foundation and
are discussed, where appropriate, in the context of the pMRI domain (or ultra-high-field
imaging in general), in which motion-related effects tend to be more pronounced due to the
microscopic spatial resolution and prolonged acquisition times [31, 7]. The treatment of
motion in MRI in this section is not exhaustive; comprehensive treatments can be found in
relevant textbooks [20, 7] and extensive reviews [6, 32].

NMR experiments are inherently sensitivity-limited due to the low characteristic energy
associated with magnetic spin transitions, necessitating prolonged data acquisition to
achieve adequate SNR. In MRI, acquisition times are further extended by the requirements
of spatial encoding and the use of complex imaging pulse sequences. As a result, the
temporal resolution of MRI is fundamentally constrained by an interplay between the
physics of nuclear relaxation and practical hardware limitations.

In general, MRI relies on the sequential sampling of k-space, with total acquisition time
determined primarily by the number of phase-encoding steps and the TR. The choice of TR is
itself constrained by the need for sufficient longitudinal (T}) recovery to maintain adequate
signal intensity and tissue contrast. In addition, hardware limitations, most notably the
maximum achievable gradient strength and slew rate, which restrict the speed at which k-
space can be traversed. Safety considerations, particularly those related to peripheral nerve
stimulation (PNS), further limit gradient switching rates. Consequently, the temporal scale
of MRI acquisitions is often substantially longer than that of common physiological motions
encountered in clinical settings, such as respiration, cardiac motion, and involuntary patient
movement.

Spatial encoding is defined by three orthogonal gradient coils that establish a fixed imaging
coordinate system. Motion of the subject during k-space acquisition introduces inconsisten-
cies between the object’s true spatial coordinates and this encoding frame, violating the
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assumptions underlying image reconstruction and giving rise to motion-related artifacts.
These artifacts manifest as image degradations such as blurring of edges and contrast, ghost-
ing from moving structures, spin dephasing with associated signal loss, and, in some cases,
spurious signal contributions. Beyond the timing of motion relative to k-space acquisition,
the type and severity of these artifacts also depend on the characteristics of the motion itself
and on the imaging sequence and its parameters, including the spatial encoding strategy,
repetition scheme, and image resolution.

These considerations apply equally to uMRI, with additional challenges arising from the
use of ultra-high static magnetic fields and strong gradient systems. While these features
enable exceptional spatial resolution and sensitivity, they also exacerbate susceptibility to
motion-induced phase errors, signal loss, and geometric distortions [7, 31, 6]. Consequently,
even small or subtle motions can lead to pronounced image artifacts in pMRI, necessitating
careful experimental design and motion-robust acquisition strategies. Historically, however,
motion was not considered a limiting factor in pMRI (or to some extent in preclinical small-
animal MRI) as it is in clinical imaging, as the experimental protocols typically relied on
fully constrained, anesthetized, or ex vivo specimens [33]. This could still cause residual
motion effects, which had to be actively managed [7]. In general, motion artifacts were
largely mitigated through experimental design rather than explicit correction strategies, and
comparatively limited attention was devoted to the development of motion-compensation
approaches specifically for uMRI.

2.3.1 Effects of subject motion

The primary criterion for motion characterization in MRI is its spatiotemporal relationship
to k-space acquisition, which ultimately determines its impact on image reconstruction.
Rigid-body motion, in which the subject moves as a whole, can be considered as the simplest
case, which can be modeled as a combination of translations and rotations. While most
biological motion is inherently non-rigid, the rigid-body approximation is often sufficient
for many practical scenarios and offers significantly reduced modeling complexity. When
higher fidelity is required, non-rigid motion can be approximated as a superposition of
multiple locally rigid motions, enabling tractable and useful modeling.

Another commonly adopted assumption is in-plane motion, where movement is confined
to the selected two-dimensional imaging slice. Throughout this thesis, two-dimensional
Cartesian k-space sampling with standard Fourier-based image reconstruction is assumed
unless stated otherwise. In this context, inter-view motion; motion occurring between
successive phase-encoding steps, plays a particularly important role, as it directly influ-
ences the consistency of k-space data and the resulting image quality. Consequently, the
severity and type of motion-induced artifacts depend not only on the spatial and temporal
characteristics of the motion but also on its timing relative to k-space acquisition.
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Rigid-body translational motion in the spatial domain manifests as a phase modulation
in k-space, with the phase offset proportional to the magnitude of the translation. This
relationship follows from the Fourier shift theorem and can be expressed as,

Sk ky) = So(ky, ke 2 eAxhuty) (2.26)

where,
o S(ky, ky) is the k-space signal after translation.
« So(kx, ky) is the original k-space signal before translation.
o ky, ky are the spatial frequencies in the x- and y-directions.
« Ax, Ay are the translation distances in the x- and y-directions.

Rigid-body rotational motion in the spatial domain results in a corresponding rotation of
the k-space coordinate system, consistent with the Fourier rotation theorem. For an object
undergoing a rotation by an angle 8 about the origin, the transformed k-space coordinates

ki| |cosf —sinf
k; ~|sin@ cos@

and the corresponding k-space signal transform is given as:

k’ are given by:

x (2.27)
k, '

S(K') = So(k) (2.28)

2.3.2 Motion estimation and correction

Motion correction strategies in MRI can be broadly classified into prospective and retro-
spective approaches, based on when the correction is applied. Retrospective motion
correction (RMC) methods perform the correction after data acquisition, either using
motion information acquired externally (e.g., optical tracking) or extracted directly from
the MR data itself [6]. Traditionally, many motion correction techniques have relied on
iterative reconstruction algorithms that incorporate motion parameters into the forward
model, optimizing a cost function based on data consistency or image sharpness. However,
these conventional approaches often suffer from high computational costs and the need for
accurate motion estimates. To address these limitations, deep learning—based approaches
have emerged, which learn to estimate and correct motion-induced artifacts directly from
the acquired data, often without explicit motion parameter estimation [34, 35]. In general,
the acquisition proceeds independently of any subject motion, and the correction is applied
during post-processing.

In prospective motion correction (PMC), the imaging volume is updated in real time
to follow the subject’s motion, thereby keeping the FOV fixed in the subject’s reference
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frame rather than the scanner frame [36, 6]. This is accomplished by dynamically adjusting
the gradient encoding and RF parameters based on real-time motion estimates. Accurate
and frequent pose measurements of the subject are required to ensure effective correction.
Numerous approaches have been proposed to implement PMC in clinical research and
practice, which primarily differ in the methods used for motion estimation and tracking.
Early implementations relied on MR navigator-based techniques, which acquire additional
MR data at multiple time points and compare them to estimate motion without the need for
external hardware. Navigators can operate in both k-space and image space [37, 38, 6], and
generally increase acquisition and processing time.

External tracking approaches employ specialized hardware to perform motion tracking and
are generally sequence-agnostic. Numerous tracking modalities have been used [39, 6], with
RF-based and optical systems are the most common. One RF-based approach uses small
pickup coils attached to the subject, with their positions encoded in the received signal
frequency in the presence of a gradient [40, 41]. Optical tracking systems represent an
important class of techniques for prospective motion correction. These systems generally
rely on some form of camera-based setup to extract the motion parameters of the subject,
often using a marker attached to the object of interest [36]. Cameras may be placed either
inside the scanner bore or externally [42, 43, 44, 45]. The tracked pose information is
fed to the scanner in real time, enabling dynamic adjustment of gradient orientations
and RF excitation. Typically, the tracking system reports the position and orientation
of the object in its own coordinate frame, which must be transformed into the scanner
coordinates through a process of cross-calibration. One specialized implementation is
the moiré phase tracking (MPT) system, which employs markers that produce distinctive
patterns encoding both translation and rotation of the attached object [46]. This approach
provides more robust and accurate motion measurements compared to conventional markers.
Recent developments have focused on markerless optical tracking, where surface features
of the subject are captured as a point cloud, which is then matched across frames to
estimate motion parameters [47]. Markerless tracking has been applied in prospective
motion correction for diffusion-weighted echo planar imaging (EPI) [48] and high-resolution
neuroanatomical MRI [49], typically using commercial 3D surface tracking systems. These
advances demonstrate that both marker-based and markerless optical tracking approaches
can be effectively integrated into PMC workflows to mitigate motion artifacts across a
variety of MRI applications.

These developments can be broadly classified as strategies to address gross patient motion
in clinical MRI, which are primarily irregular or unpredictable body movements (e.g, head
motion during brain MRI). Some of these techniques can also be applied effectively to
internal physiological motions, such as those encountered in cardiac or respiratory imaging.
However, for periodic motions of this kind, the most effective commonly used approaches
are gating techniques, either prospective or retrospective. Gating synchronizes data
acquisition with a physiological signal, so that the imaging data are acquired at predefined
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phases of that cycle. Gating remains the predominant motion compensation strategy
employed in preclinical small animal imaging, as active prospective or retrospective motion
correction is challenging at such small scales and rapid physiological rates [7].

An overview of the various methods and considerations for addressing subject motion
has been presented in the context of both clinical and preclinical MRI. In principle, these
developments provide a foundation for extension to the pMRI domain, where they are
directly relevant to the challenge of imaging behaving organisms. Within this context,
accurate motion estimation and tracking are critical, and the following sections provide the
necessary theoretical and methodological background for the motion estimation strategies
employed in this thesis.

2.3.3 Motion tracking methods

In this thesis, optical imaging-based motion tracking is employed to estimate subject motion,
with a detailed description of the experimental setup provided in Section 4.3. Real-time
video acquired from the imaging system serves as the primary data source for motion
estimation. Motion information is extracted using computer vision techniques, which
encompass algorithms for automated analysis and interpretation of visual data. Two classes
of computer vision methods are used throughout this work:

1. Deep learning-based methods, which learn motion-related features directly from
data using neural networks. This approach is used as the motion estimation strategy
in the exploratory Chapter 3, which proposes a freely moving organism paradigm and
examines the associated challenges. Owing to their ability to track complex motion
patterns, deep learning techniques provide robust motion parameter estimation,
particularly in scenarios involving unrestricted or highly variable motion.

2. Optical flow-based methods, which estimate motion by tracking pixel intensity
variations between successive video frames [50]. These approaches offer a relatively
simple implementation and enable near real-time motion tracking. They are particu-
larly well suited to the constrained locomotion paradigm of the in situ treadmill, where
movement occurs in a relatively controlled manner. Owing to their computational
efficiency and robustness in structured environments, optical flow-based techniques
have been used as the primary motion estimation strategy throughout this thesis.
Further details on optical flow tracking within the scope of the thesis are provided in
the following section.
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2.3.4 Optical flow for motion tracking

A sparse optical flow-based algorithm was developed to track the motion of a predefined
keypoint on antomical landmarks of the specimen. Optical flow describes the apparent
velocity field of brightness patterns within a sequence of images. The method relies on the
brightness constancy assumption [51], which states that the intensity of a specific point
in the image remains constant over time, even as its spatial position changes (see Fig. 2.9).
This assumption can be mathematically formulated as:

I(x,y,t) = I(x + dx,y + Sy, t + Ot). (2.29)

Here I(x,y, t) is the image pixel intensity at position (x, y) and time ¢. Expanding this using
a Taylor series and ignoring higher-order terms gives:

ol ol ol
I(x +0x,y + 6y, t +6t) ~ I(x,y,t) + a5x + a—ySy + E&' (2.30)

Since the intensity is assumed to be constant:

ol ol oI
—u+—ouv+—=0. (2.31)
ox ay ot

Here, u = 6x/6t and v = dy/t are the
components of the optical flow vector,
equation (2.31) is known as the optical
flow constraint equation (OFCE). One /
common method to solve the OFCE is
the Lucas-Kanade method [50]. It as-
sumes that the flow is essentially con-

I(x,y,t) I(x + 6x,y + 8y, t + 6t)

Figure 2.9: Sparse optical flow tracking: keypoint
moves from position 1 to position 2 under bright-
ness constancy assumption.

stant in a local neighborhood of the pixel
under consideration. The optical flow is
then determined by solving the follow-
ing system of linear equations for each
pixel in a window:

Av = b, (2.32)
-%(xl,yl) g—j(xl,yl)- -—g—{(xl,yl)-
A %(x?, Y2) g—é(x.z, Y2) e [u] - —3—{(3'@, Y2) . (2.33)
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Here A is the matrix of image gradients, b represents the vector of negative temporal
gradients of the image intensity at different points, and v = [u v]” is the optical flow vector.
A solution can be obtained using the Moore-Penrose inverse [52, 53] A* of A:

v=A"bh=(ATA)'ATp. (2.34)

The detailed algorithm, including keypoint selection, gradient computation, and sparse flow
estimation, is presented in Algorithm 1.

Algorithm 1: Lucas-Kanade sparse optical flow algorithm for motion tracking [17].

Input: First frame I;, selected point p = (x,y), window size W = 20 X 20

Output: Tracked point position in subsequent frames

/* Initialization */
Capture the first frame I; from the live video stream;

Select a point p = (x,y) in I; to track;

Define the window size W = 20 X 20;

/* Pre-compute Gradients */
Compute the partial derivatives g—i and g—f/ for I; using Sobel operators;

Compute the temporal partial derivative g—{ between I; and the next frame Iy;

/* Track the point through subsequent frames */

for each subsequent frame I, do

Extract the W window centered at py = (x, yx) from Ii;
Compute the partial derivatives %, a_; and temporal partial derivative % within
the window;
/* Formulate the optical flow equations */
ol a1
2. (p1) a_y(Pl) 3—{(171)
ol ol I
ax(P2) 5P| |u| _ S (p2)
: : v :
I I al
g_x(pn) g_y(Pn) E(pn)
/* Solve using least squares */
-1
uf o o T ol ol ol ol Tla
v - ox dy ox dy ox 9y ot
Update the point position pr; = (xx + u, yi + 0) for the next frame Ii4q;

end
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2.4 Deep learningin MRI

The physical principles of MR image formation and the impact of motion on image recon-
struction have been discussed in the previous chapters. Beyond traditional model-based
correction methods, data-driven approaches have proven highly effective in mitigating
motion and related artifacts in MRI. Among these, deep learning techniques have demon-
strated strong performance due to their ability to learn complex patterns directly from data,
offering versatile solutions for various MRI artifact correction problems [34, 54, 55].

This thesis employs deep learning methods to address two main challenges: (1) motion
tracking using an ex situ computer vision system in Chapter 3, and (2) MR image artifact
correction, which encompasses motion artifact correction in Chapter 5 and undersampling
artifact correction in Chapter 6. To provide context for these applications, the follow-
ing sections introduce the fundamental principles of learning representations from data,
progressing from basic neural architectures to the multi-scale models employed in this
work.

Deep learning is a subfield of artificial intelligence (AI) that focuses on learning repre-
sentations and functions directly from data. Unlike rule-based systems, learning-based
approaches model complex relationships by approximating a function that maps inputs to
outputs using examples. In this sense, a deep learning model can be viewed as a param-
eterized function approximator that captures patterns, structures, and abstractions from
large datasets. These methods are loosely inspired by the structure of biological neural
systems, particularly interconnected neurons. Artificial neural networks consist of layers of
computational units (“neurons”) that transform input signals through weighted connections
and nonlinear activation functions. While far simpler than biological neurons, these artificial
units enable hierarchical feature learning, where lower layers extract basic patterns and
deeper layers progressively learn more abstract representations. This paradigm has driven
major breakthroughs across diverse domains, from convolutional neural networks (CNNs)
in computer vision to recurrent neural networks (RNNs) and transformers in sequential
tasks like natural language processing [56, 57, 58].

This section builds in part on established deep learning literature. For a comprehensive and
in-depth treatment, the reader is referred to Goodfellow et al. [56], LeCun et al. [57], and
Bishop [59, 60].

2.4.1 Multi-layer perceptrons and convolutional networks

A fundamental building block of artificial neural networks is the perceptron [61], one of
the earliest models of a computational neuron, which is illustrated in Fig. 2.10(a). Given
an input vector x € RY, the perceptron computes a weighted sum followed by a nonlinear
activation:

y=¢w'x+Db), (2.35)
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where w € R? denotes the weight vector, b € R is the bias term, and ¢(-) is an activation
function such as the step function, sigmoid, or rectified linear unit (ReLU). The introduction
of this nonlinear activation is critical; without it, any composition of multiple layers would
remain a simple linear transformation, incapable of modeling the complex, non-linear
mappings required for many practical problems. Geometrically, the perceptron implements
a linear decision boundary in the input space. While simple and computationally efficient, a
single perceptron is limited to learning only linearly separable functions.
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Figure 2.10: Artificial neural networks. (a) Single-layer perceptron model. (b) Multilayer
perceptron with two hidden layers.

To model complex, nonlinear relationships, multiple perceptrons are stacked to form multi-

layer feedforward neural networks, also known as multilayer perceptron (MLP) (Fig. 2.10(b)).
For an L-layer network, the transformation at layer ¢ is,

RO = $O (Wa) R 4 b(f)) , (2.36)
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where h(©) = x is the input, W© and b(¥) are the weights and biases of layer ¢, and ¢
is an element-wise nonlinear activation. The network output is h!). Stacking layers en-
ables the model to learn hierarchical feature representations, where deeper layers capture
increasingly abstract patterns. Under mild conditions, such networks are universal func-
tion approximators, meaning they can approximate a wide class of functions to arbitrary
accuracy [56, 62].

Training these networks involves learning the parameters 8 = {W (), p(* }._, by minimizing
a loss function £(0). For a dataset {(x;,y;)}Y ., this loss is defined as

i=1°

£(0) = =

Z|

N
D elf(xis0).3i), (2.37)
i=1

where f(x;; 0) denotes the network output and #(-, -) is a task-dependent loss function (e.g.,
mean squared error (MSE) or mean absolute error (MAE) for image-to-image regression,
cross-entropy for classification). Gradients of this loss with respect to parameters are
computed efficiently using the backpropagation algorithm, which applies the chain rule
of calculus through the computational graph [56, 63].

Feature maps Fully connected layer

Input image

Convolution Pooling Convolution Pooling Flattening
+ activation + activation

Figure 2.11: CNN processes input MRI through convolutional layers with activation
function to extract hierarchical features, interleaved pooling to reduce resolution, and
final fully connected layers for task specific output.

While fully connected layers, as in MLPs, treat all input features equally, many data modali-
ties, especially images, exhibit strong local structure. CNNs incorporate this prior knowl-
edge through three key ideas: local connectivity, parameter sharing, and spatial invari-
ance [64, 56]. Instead of a dense weight matrix, CNNs use convolutional kernels. For an
input feature map X and kernel K, a 2D convolution operation is:

Y(@i, j) = Z Z X(i+m,j+n) K(m,n), (2.38)

where (i, j) indexes spatial positions. Each kernel is applied across the entire input, produc-
ing a feature map that detects specific patterns (e.g., edges or textures). Parameter sharing
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drastically reduces the number of learnable weights compared to fully connected layers,
improving statistical efficiency and generalization.

A typical convolutional layer can be written as,
HO = ¢( KO « g1 4 b<f>), (2.39)

where * denotes convolution and H¥) is a stack of feature maps. CNN architectures often
include pooling operations, such as max-pooling,

Y(i,j) = max X(m,n), (2.40)
m,n)€R;;

which reduce spatial resolution and lower computational cost, while retaining most salient
features, introducing a degree of translation invariance. By stacking convolutional, acti-
vation, and pooling layers, CNNs learn hierarchical spatial representations particularly
well suited to visual and audio data [57, 56]. An example CNN processing a brain MRI
input is shown in Fig. 2.11. The network begins with convolutional layers and associated
activations, as discussed above, which extract hierarchical spatial features from the image.
These are then flattened (vectorized) and passed through fully connected layers to produce
task-specific outputs, such as binary tumor classification (e.g., presence or absence of a
tumor) or multi-class predictions.

The progression from perceptrons to deep convolutional architectures reflects a shift from
simple linear classifiers to highly structured, hierarchical models that exploit nonlinear
representation learning and domain-specific inductive biases. While standard CNNs excel at
extracting hierarchical features, they can struggle with tasks requiring precise localization
and dense pixel-level predictions, such as image-to-image regression, semantic segmentation,
or image analysis. This can be particularly pronounced in pMRI, where the images often
contain fine anatomical structures at micrometer resolution, subtle intensity variations,
and complex morphology. Pooling layers, although useful for computational efficiency and
robustness to small translations, inherently reduce spatial resolution and can discard these
fine-grained details.

To address such challenges, specialized architectures have been developed that preserve
and recover spatial information while leveraging the hierarchical feature learning of CNNs.
Among these, the U-Net architecture [65] and variants are widely adopted for image-
to-image mapping tasks. At a high level, U-Net follows an encoder-decoder design: the
contracting (encoder) path captures context through successive convolution and pooling
operations, while the expansive (decoder) path progressively upsamples feature maps and
integrates high-resolution features from the encoder via skip connections. This structure
allows the network to retain fine-grained spatial information while utilizing deep hierar-
chical representations, making it highly effective for dense prediction problems. Further
details on this will be provided in the context of the specific application in Section 5.3.3.
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2.4.2 Transfer learning

All deep learning methods used in this thesis operate within the framework of supervised
training, where labeled data are used to optimize the network parameters 8 = {W(®, p(®) M
as described in Section 2.4.1. In the context of insect pMRI and optical imaging, the limited
availability of labeled data poses a challenge for training networks from scratch. To address
this, a transfer learning strategy is employed: a model pretrained on a large source dataset
(e.g., human brain MRI or natural image datasets) is used to initialize the network for the
target task, enabling the reuse of previously learned features, and thereby improving both
training efficiency and generalization on smaller datasets, as illustrated in Fig. 2.12.
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Figure 2.12: Transfer learning pipeline.

Formally, let Ds = {(xl Y )} denote the source dataset, and Dr = {(x] , yJT)}NT denote
the target dataset, with Nr << Ns. The network fy is first trained on Ds to learn the
mapping fp : x° +— y°. For transfer learning, the parameters 0 learned from the source
dataset are used to initialize the network, which is then fine-tuned on Dr to adapt the
learned representations to the target domain [66, 67]. Early layers of the network capture
generalizable spatial features, while later layers are adjusted to the specific characteristics
of the insect data [68].

In summary, transfer learning is used for two applications in this thesis:

1. Motion tracking: In the early exploratory Chapter 3, the focus is on accurately
estimating both the motion trajectory and the pose of a freely moving insect in an
ex situ platform. A model pretrained on a large-scale natural image dataset has been
used here, which provides effective and computationally efficient feature initializa-
tion for transfer to specialized domains. This model is then fine-tuned using small
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dataset of custom optical images of insects, thereby allowing adaptation to the specific
characteristics of the target insect data. Further details on this setup are provided in
Section 3.2.1.

. BPMRI artifact correction: In the context of insect uMRI, two major challenges are
addressed: (1) motion-induced artifacts in Chapter 5 and (2) artifacts arising from
undersampled reconstruction in Chapter 6. Although these problems are treated in
separate chapters, they share a common methodological framework within the broader
narrative of this work. Both artifact types are addressed as image-to-image regression
problems using a modified U-Net-based architecture [65]. The model was pretrained
on human brain MRI datasets to leverage general spatial features, and subsequently
fine-tuned on the insect uMRI data to adapt to the smaller, domain-specific dataset. The
early convolutional layers learn generalizable patterns transferable across datasets,
while the customized architecture enables more accurate correction of motion and
undersampling artifacts. The complete details of the problem formulation, training,
fine-tuning, and implementation are presented in the respective chapters.
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Behavioral arenas provide a controlled experimental interface through which an organism’s
physiological and behavioral responses can be investigated under laboratory conditions.
These environments are typically designed to minimize external constraints, thereby en-
abling spontaneous movement, interactions, and internally driven behaviors while maintain-
ing sufficient experimental control. Such arenas are standard across experimental modalities,
and exist along a continuum of invasiveness: fully freely moving animals at one end, versus
complete immobilization, allowing only subtle responses (e.g., eye movements) at the other.
MRI traditionally occupies the highly constrained extreme, with subjects fully immobilized
and anesthetized.

The central objective of this thesis, namely “MRI of behaving organisms”, therefore requires
moving beyond this traditionally constrained regime toward experimental setups that
accommodate movement during imaging. The chapter begins by exploring the feasibility of
a freely moving organism platform within the context of uMRI. The primary considerations
include the design of a suitable platform that permits a sufficient degree of freedom to enable
natural movements, integrated with a computer vision-based real-time motion tracking
system to accurately capture and compensate for movement during imaging. All of this
must operate within the constraints of an ultra-high-field preclinical MRI scanner. The
practical challenges and limitations inherent to such a system are analyzed, leading to the
development of a minimally constrained in situ treadmill paradigm and the selection of
an appropriate organism for testing the underlying hypothesis. Together, these design
choices transform the initial conceptual framework into a practical and experimentally
viable paradigm, in which motion and dynamics are treated as intrinsic components of the
measurement, thereby establishing the foundation for the remainder of the thesis.

3.1 The scale-of-motion problem

While many of the assumptions and motion models discussed could, in principle, be extended
to uMRI studies of active or freely behaving organisms, the case of a truly freely moving
animal introduces a fundamental paradigm shift, with few direct analogues in established
clinical or preclinical MRI. In this regime, the magnitude of the animal’s displacement can
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often be comparable to, or exceed, the characteristic length scales of the coil geometry and
the associated spatial field distributions, including RF, gradient, and static magnetic fields.

The primary technical challenge lies in optimizing the coil geometry and filling factor,
with motion as an additional constraint. A surface coil-integrated platform can offer the
necessary degrees of freedom to accommodate model organisms like C. elegans, whose
motion is largely restricted to a two-dimensional plane. Such experimental configurations
are standard in modalities or platforms based on optical microscopy or optogenetics [69, 70].
In MR, if the organism’s trajectory can be estimated and tracked with sufficient accuracy,
prospective motion correction (PMC) techniques can, in principle, be used to dynamically
update the imaging coordinate system and continuously follow a chosen orthogonal two-
dimensional slice. This concept was demonstrated in silico by Reischl et al. [71], as illustrated
in Fig. 3.1, and serves as the initial motivation and starting point for this thesis project.
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Figure 3.1: Prospective motion correction in uMRI: The imaging volume dynamically tracks
the subject’s motion, enabling MR imaging of freely moving specimens in an in silico study.
(Adopted from Reischl et al. [71]).

However, realizing such a platform in practice presents several challenges. Even under
static conditions, MRI of C. elegans or similar sized models remains beyond the capabilities
of current MRI systems (as of 2026), primarily due to severe SNR limitations corresponding
to the extremely small voxel volumes. The chosen animal model must be sufficiently large
to yield adequate SNR within a selected 2D slice or 3D volume with reasonable signal
averaging. At the same time, the platform or the behavioral arena must allow the organism
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to move freely. A single coil large enough to encompass such an arena would suffer from
poor filling factor, resulting in negligible signal sensitivity.

Furthermore, moving beyond immobilized subjects introduces complex field interactions.
Although this is also true for clinical MRI, motion relative to encoding gradients is the
primary source of k-space inconsistencies and the resulting image artifacts. However, in
a freely moving paradigm, the subject also moves through spatial variations in the RF
excitation (B;) and static (By) magnetic fields. Central to these B, variations is magnetic
susceptibility y. At the microscopic scale, the interface between the organism’s body and its
environment (e.g., agar, water, or air) creates local magnetic field gradients. As the specimen
moves, these susceptibility-induced field distortions shift dynamically. This not only causes
spatial warping and signal voids but also results in a moving By, inhomogeneity that can
outpace the capabilities of traditional static shimming. These effects represent a significant
hurdle for micro-scale, high-field imaging where even sub-millimeter displacements can
lead to total signal dephasing.

Additional challenges lie in achieving accurate motion estimation and tracking of the
organism within an in situ imaging platform, which is a critical prerequisite for enabling
motion-resolved MR acquisition. MR-based approaches, such as navigator techniques,
exhibit inherent limitations when estimating motion with multiple degrees of freedom at
the spatial accuracy and temporal resolution required for behavioral tracking. In contrast,
computer vision-based systems currently provide state-of-the-art performance in motion
tracking and therefore represent a natural and well-suited solution for this task, as well
as for the broader objective of behavioral phenotyping, provided that an MR-compatible
system can be developed and integrated for high-field MRI systems.

3.2 Exsitu platform: freely moving insect

The spatial scale of any behavioral arena is fundamentally limited by the physics of the
measurement modality. Instrumentation imposes physical constraints that restrict an
organism’s degrees of freedom and, by extension, its accessible behavioral repertoire. A
central challenge in experimental design is therefore the extent to which a laboratory
configuration can faithfully approximate the organism’s native ecological context.

The progression of the thesis is grounded in the central challenge of enabling MRI measure-
ments in the presence of organism motion. At this stage, the overall engineering challenge
can be divided into two main components: (1) the MR measurement problem, which was
discussed previously in the context of a prior in silico study on C. elegans, and (2) the motion
estimation problem.

The MR measurement problem is primarily defined by the constraints imposed by the
microscopic spatial scales of uMRI and the resulting SNR limitations (discussed further
in Section 3.3.2). These challenges necessitate the selection of a biological specimen or
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model system with sufficient tissue volume to generate detectable MR signals. While larger
animals naturally provide higher signal due to their greater size, insects offer a practical and
accessible alternative for validating the proposed paradigm, particularly in settings where
vertebrate facilities are unavailable. Their combination of manageable size, measurable
tissue volume, and complex behavioral repertoire makes them an ideal first model. MRI
has already emerged as a powerful non-invasive tool for the structural characterization of
insects and other small invertebrates, with demonstrated applications in selected functional
studies [12, 72]; however, prior work has largely been limited to static or immobilized
speciments, as is typical in MRI.

Robust motion estimation is a central component of effective motion compensation strate-
gies, regardless of the specific organism or the correction approach. This consideration
motivated addressing the motion estimation as the primary step, prior to tackling the MR
imaging challenges associated with the prospective animal model. Importantly, this does
not require an in situ MRI setup at this stage. Instead, the motion tracking methodology
can be developed and validated using a computer vision-based system implemented on a
simple ex situ experimental platform as follows.

3.2.1 Exsitu platform and ladybug beetle

Coccinella septempunctata, commonly known as the seven-spot ladybird beetle or ladybug,
was selected as the specimen for developing and validating the vision-based motion tracking
system. Figure 3.2 presents a labeled illustration highlighting the external morphology of the
ladybug. This species was chosen primarily because its locomotion appears predominantly
rigid when viewed from a top-down perspective, which simplifies motion estimation and
tracking and closely aligns with the rigid-body motion models discussed earlier (Section 3.1)
in the context of prospective motion correction (PMC). The primary motivation for this
choice was to explore whether such motion characteristics could ultimately enable the appli-
cation of PMC-based approaches for MRI of an active insect. When confined to a low-height
enclosure, the beetle’s movement is effectively restricted to a quasi-two-dimensional plane,
allowing planar tracking methods to capture its behavior while maintaining biologically
relevant locomotion. Specimens were collected from a local garden and maintained in a
custom enclosure at room temperature (approximately 22-25 °C), with a diet of fruits and
water.

The ex situ insect platform was fabricated using a 3D printer (Ultimaker 3, polylactic acid
(PLA)) with dimensions of 34 X 34 X 6 mm® and enclosed by a transparent plexiglas lid.
A schematic of the setup is shown in Fig. 3.3(a). Behavioral motion data were recorded
using a commercial webcam (Microsoft HD-3000) positioned above the platform, as shown.
This controlled configuration enables precise acquisition of locomotor behavior while
constraining the beetle to a planar motion regime. The following sections detail the motion
tracking and validation workflow, focusing on a deep learning (DL)-based approach for
estimating and analyzing insect locomotion within the ex situ platform.
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Figure 3.2: External morphology of a ladybug. (Modified from [73]).

3.2.2 Deep learning-based motion tracking

Deep learning methods currently represent the state of the art for various computer vision
problems, particularly for tasks such as object detection, tracking, and pose estimation.
Compared to traditional image-processing techniques, deep neural networks exhibit substan-
tially improved robustness to noise, variations in illumination, and complex backgrounds,
resulting in markedly higher accuracy. Consequently, vision-based methods have found
widespread applicability across diverse areas of science and technology. In particular, signif-
icant progress has been made in applying deep learning—based computer vision algorithms
to behavioral studies of model organisms [74].

The problem addressed here involves real-time estimation of the two-dimensional position
(x,y) and the in-plane pose (orientation) 0 of a freely moving insect. While conventional
image-processing approaches, such as thresholding, centroid-based detection or even optical
flow-based techniques can provide reliable position estimates under controlled conditions,
accurate pose estimation, especially in a markerless setting, remains highly challenging.
To overcome these limitations, a deep CNN-based approach capable of jointly inferring
position and orientation from image data in real time has been used.

Specifically, the you only look once (YOLOv8) model [75], a deep learning model, pretrained
on the Microsoft common objects in context (COCO8)-Pose dataset [76], is utilized. This
approach leverages the paradigm of transfer learning, in which a CNN trained on a large,
problem-agnostic dataset can be fine-tuned using a smaller, task-specific labeled dataset
in a supervised manner, as discussed in Section 2.4.2. Such a strategy enables efficient
learning while significantly reducing the amount of training data required, often by orders
of magnitude, compared to training a deep learning model from scratch.
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3.2.2.1 YOLOv8 model architecture

YOLOVS is a family of deep learning—-based computer vision models originally proposed by
Redmon et al. [77] for real-time object detection. The you only look once nano (YOLOv8n)
variant used here is a lightweight and optimized implementation developed by Ultralyt-
ics [75], capable of object detection, pose estimation, classification, and segmentation. Here,
YOLOv8n was employed for keypoint detection, specifically to identify two anatomical
landmarks (head and abdominal apex) of the insect. These keypoints provide an initial
estimate of the organism’s two-dimensional position and orientation. Using pretrained
weights significantly reduces the amount of task-specific training data required.

At a high level, YOLOvVS8 architecture consists of four main components: input, backbone,
neck, and head. The input module standardizes images through resizing, normalization, and
data augmentation. The backbone extracts hierarchical feature representations from the
image, while the neck combines multi-scale features to enhance detection performance. The
head predicts object classes, bounding boxes, and keypoint locations. The architecture is
designed to jointly learn detection and pose estimation, sharing features across tasks, which
improves efficiency and accuracy. Comprehensive architectural details and implementation
procedures are provided in the official Ultralytics documentation [75]. While YOLOv8 was
a practical and effective choice at the time of the experiments (2023), it is one of several
pretrained models suitable for these tasks, and more recent architectures and solutions have
since been developed that may offer improved performance.

3.2.3 Exsitu tracking characterization

Three videos of insect behavior were recorded and used to generate the training, validation,
and testing datasets. Individual frames were extracted using a custom Python script. The
dataset was split into 150 training images, 50 validation images, and 100 test images. The
overall DL pipeline based on the pretrained YOLOv8 model is illustrated in Fig. 3.3(b). All
images were manually annotated with head and tail (abdominal apex) keypoints using a
web-based annotation tool (makesense.ai).

The objective of the tracking system is to estimate the real-time two-dimensional position
(x,y) and orientation 6 of the insect. The model is trained to detect the head and tail as
two keypoints in each frame, with the line joining these points defining the rigid-body
pose of the insect in the image plane. Although this work focuses on two-dimensional pose
estimation, the approach can be readily extended to three-dimensional motion tracking or
augmented with additional keypoints for more complex motion models.

The model was initialized with weights pretrained on the COCO8-Pose dataset [76] and
subsequently fine-tuned on the task-specific dataset. Fine-tuning was performed using 150
labeled images with an initial learning rate of 3 x 10™%. Both training and validation losses
converged after 100 epochs, at which point the learning rate had decayed to 5.96 X 107,
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Figure 3.3: Deep learning—based motion tracking. (a) Schematic illustration of the ex situ
insect tracking setup. (b) Schematic of the deep learning—based tracking pipeline, showing
fine-tuning of a pre-trained model using custom insect data.

with a total training time of approximately one hour. The trained model was evaluated on a
test dataset comprising 100 non-contiguous image frames, sampled from the test video at
intervals of At = 0.27s.

The inference time for a single frame was approximately 13 ms on the workstation (hardware
specifications are provided in Section 5.3.4). Quantitative evaluation was performed by
computing the Euclidean distance between predicted and manually annotated keypoints. For
the test dataset, the mean localization error was approximately 7+3 pixels (0.242+0.104 mm),
as shown in Fig. 3.4, where Fig. 3.4(a) shows the model-estimated (x, y) trajectory of the
insect, Fig. 3.4(b) presents the histogram of Euclidean distance errors, Fig. 3.4(c) shows the
pose estimation (6) results, and Fig. 3.4(d) provides representative test images highlighting
keypoint detection with both small and large localization errors. Figure 3.5 illustrates deep
learning—based pose tracking on a separate ex situ ladybug test video, with sampled frames
and timestamps highlighting the temporal progression of behavioral motion.

3.2.4 Kalman prediction

Motion estimation accuracy is a critical factor in the design of motion compensation strate-
gies for MRI. Regardless of the tracking modality, the estimation process is affected by
inherent system latency and measurement noise. In computer vision-based tracking sys-
tems, this latency arises from image acquisition at the camera sensor and propagates through
subsequent processing stages, including keypoint detection by the algorithm. As a result, a
mismatch occurs between the measured motion and the object’s true motion at the same
time point. In prospective or adaptive motion correction systems in MRI, where latency
is significant, this mismatch may necessitate predicting the subject’s future position to
compensate, enabling more proactive motion correction [78, 79, 71].
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Figure 3.4: Ex situ tracking validation on test dataset (n = 100). (a) Model-estimated (x, y)
position trajectory of the insect. (b) Histogram of the Euclidean distance error between
model-predicted keypoints and manual annotations, showing a mean error of 7 + 3 pixels.
(c) Pose (0) estimation results obtained from the model. (d) Representative test images
illustrating keypoint detection with both small and large localization errors (green crosses:
manual annotations; red crosses: model detections).
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3.2 Exsitu platform: freely moving insect

Figure 3.5: Deep learning-based tracking of ladybug body pose in the ex situ setup. Sampled
video frames with timestamps show the motion trajectory.

To investigate the feasibility of short-term motion prediction and assess the temporal robust-
ness of the tracking framework, a Kalman filter-based algorithm [80] was implemented for
recursive state estimation under Gaussian noise assumptions. A linear Kalman filter with a
constant-velocity motion model was implemented in Python using the OpenCV library [81].
The system is parameterized by a state transition matrix A, a measurement matrix H, and a
process noise covariance matrix Q. The state vector consists of four variables (x, y, x, 7)),
representing two-dimensional position and velocity, while the measurement vector contains
the observed positions (x, y). The transition matrix propagates the state forward in time
under a linear motion assumption, while model uncertainty is captured through the process
noise covariance matrix Q.

Let the true system state at time t be denoted by x;, its estimate by X;, and the noisy
measurement by z; = Hx; + v;. The predicted state estimate is given by

Jz't_ = AJ’(\.'t_l, (31)
and the corrected (updated) estimate is computed as,
J%t = Jz't_ + Kt (Zt — HJ’(\,'t_) s (32)

where K; denotes the Kalman gain.

The algorithm was evaluated using a subset of the test dataset comprising 1000 image
frames (approximately 27 s of recorded motion). The deep learning—based tracking model
provided midpoint position estimates, defined as the mean location between the detected
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head and tail keypoints. These served as noisy measurements for the Kalman filter. To
examine the effect of increasing temporal intervals on estimation accuracy, the trajectory
was artificially undersampled, and the resulting estimation error was quantified using the
mean absolute error (MAE). This analysis provides an indication of the temporal horizon
over which short-term predictive modeling remains reliable.
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Figure 3.6: Kalman filter-based state estimation under temporal subsampling. (a) Compar-
ison of the insect’s X-position trajectory obtained from the deep learning—based tracker
and the corresponding Kalman filter state estimates for an effective temporal interval of
0.27 s. (b) MAE between the detected positions and Kalman estimates as a function of the
temporal interval. Error bars indicate the standard error of the mean.

A representative case with a sampling factor of 10, corresponding to an effective prediction
interval of 0.27 s, is shown in Fig. 3.6(a). The plot compares the deep learning—based position
estimates with the corresponding Kalman filter state estimates. For this interval, the MAE
between the detected positions and Kalman estimates was approximately 0.438 mm. The
MAE and standard error of the mean for different temporal intervals are summarized in
Fig. 3.6(b), providing an indication of the effective temporal horizon over which short-term
predictive modeling remains reliable.

The Kalman filter yields more accurate state estimates under approximately linear motion
conditions. Deviations from linear motion, such as abrupt directional changes, introduce
velocity updates that can manifest as transient overshoot in the estimated trajectory. These
effects become more pronounced as the temporal interval increases. Kalman filter-based
approaches for smoothing motion trajectories and enabling short-term forward state propa-
gation have been widely used in real-time animal tracking [82], as well as in prospective
and retrospective motion correction within clinical MRI environments [83, 84, 85, 86].
While data-driven deep learning approaches could in principle also be applied for motion
forecasting, classical Kalman filtering provides a comparatively simple, transparent, and
computationally efficient solution that requires minimal training data and is well suited for
real-time implementation.
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3.2 Exsitu platform: freely moving insect

Compared to the often abrupt and unpredictable rigid-body motion encountered in clinical
MR, the two-dimensional locomotion of small insects is typically piecewise smoother
and more gradual within the central region of the experimental platform, although rapid
directional changes may occur near boundaries or during specific behaviors. These motion
characteristics suggest that small organisms are, in principle, well-suited for PMC strategies,
in which MRI acquisition can be continuously adapted based on real-time tracking, as
demonstrated in the in silico study by Reischl et al. [71].

From a motion-tracking perspective, current optical tracking technologies are sufficiently
advanced to support the envisioned PMC-based implementation of MRI in freely behaving
organisms. The primary challenges arise from the interaction between the constraints of the
MR measurement problem and the practical requirements of precise in situ motion tracking
within a narrow-bore ultra-high-field scanner, as discussed in the following sections.

3.2.5 Limitations

The ladybug (Coccinellidae septempunctata) chosen here primarily serves as a test system
for validating the computer vision-based motion tracking and prediction. Although no
explicit MR imaging experiments were conducted on this particular specimen, the challenges
associated with freely moving organisms, described earlier in this chapter, remain relevant.
While the tissue volume of the insect is larger than that of organisms such as C. elegans,
limitations related to coil filling factor are expected to reduce the effective SNR in in vivo
imaging.

In addition, designing an in situ behavioral platform that allows sufficient freedom of move-
ment introduces further complexity. For the motion estimation problem, the integrated
optical imaging system must simultaneously provide a large FOV and adequate spatial reso-
lution, which complicates the overall system design. In the case of the horizontal preclinical
MRI system, the optical axis requires additional relay optics [87], and accommodating these
components within the magnet bore, limited to a diameter of 60 mm, impose significant
practical constraints on the design and layout of both the imaging and behavioral platform
components.

These challenges underscore the practical limitations of a freely moving platform for MRI
experiments. To balance biologically relevant behavior with experimental feasibility, a
minimally constrained in situ spherical treadmill-based platform offers a compromise
for imaging live, active specimens. In this setup, the insect is tethered on its dorsal surface,
effectively fixing its body relative to the imaging frame while allowing natural locomotion
relative to its own body on the treadmill. This arrangement relaxes the design require-
ments for both the behavioral platform and the computer vision-based tracking system.
Such treadmill-based platforms have been successfully implemented in other imaging
modalities, demonstrating their effectiveness for studying active behavior under controlled
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conditions. The following section introduces the proposed platform in detail, and the re-
mainder of the thesis focuses on its development along with the associated methods for
motion-compensated MRI of active insects.
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3.3 Constrained locomotion: treadmill

3.3 Constrained locomotion: treadmill

Unrestricted movement within a naturalistic environment remains challenging for conven-
tional MR, as discussed in the previous sections. Treadmill-based paradigms, which impose
only minimal constraints on natural movement, provide a practical compromise between
fully unrestricted behavior and complete immobilization. Such setups have been widely
adopted across disciplines including biomechanics, exercise physiology, metabolic research,
and neuroethology [88, 89, 90, 91]. Representative examples of such experimental setups
are illustrated in Fig. 3.7. These approaches share a common objective: to allow voluntary
movement within a controlled, minimally stressful environment while maintaining spatial
consistency that facilitates reliable access to experimental instrumentation and protocols.
Although not directly related to behavioral imaging, clinical MRI studies have employed
MR-compatible treadmill systems within the imaging workflow for pre-scan exercise or
stress induction outside the magnet bore. This approach enables controlled cardiovascular
and exercise stress studies, with imaging performed immediately afterward [92, 93].

a. b.

|

Figure 3.7: Treadmill-based experimental setups in the literature. (a) Head-fixed Drosophila
walking on a spherical treadmill during whole-cell patch-clamp recording with optogenetic
stimulation [94]. (b) An air-cushioned spherical treadmill used for navigation studies in
Cataglyphis desert ants [95].

Although Section 3.2.5 highlighted the challenges of implementing a fully freely moving
paradigm in MRI, the insect remains a highly relevant model for the thesis hypothesis. The
fundamental considerations regarding SNR and tissue volume outlined earlier remain valid.
Building on these insights, the following sections introduce a new insect model, which
serves as the core biological system enabling the methods developed to test the central
hypotheses. Further challenges and methodological considerations associated with this
model will be discussed in the context of the in situ treadmill-based experimental framework
as presented in the following sections.
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3.3.1 The Sun beetle: Pachnoda marginata

The discussion of challenges in a freely moving MRI paradigm motivated the design and
development of the proposed in situ treadmill platform. Unlike conventional biology-first
approaches, where an established animal model (e.g., rat or mouse) drives the development
of motion correction or imaging instrumentation, this thesis adopts a deliberate instru-
mentation or methods-first strategy. Here, the treadmill design preceded biological model
selection, as a means for exploring viable pathways to validate the “uMRI of the behaving
organism” objective. Several specimens were initially considered within this context; insects
ultimately emerged as the optimal proof-of-concept. Demonstrating the viability of this
approach in insects establishes a foundation that may be translated to more complex and
behaviorally relevant model systems, within the fundamental constraints of MRI discussed
throughout this work.

While the ladybug (Coccinellidae septempunctata) served as a useful initial model for validat-
ing vision-based tracking (Section 3.2.1), its limited tissue volume is insufficient for robust
MRL. Initially, the relatively small size of the ladybug was a prerequisite for a proposed
freely moving experimental setup. However, the transition to a tethered treadmill system
has relaxed these size constraints, permitting the use of larger insects. Consequently, the
sun beetle (Pachnoda marginata) was selected as the primary tethered organism for this
thesis due to its favorable size and biomechanical characteristics. This species is readily
available, easy to maintain, and provides a relatively better filling factor for the commercial
volume RF coil used, which is essential for achieving the SNR required to resolve internal
anatomical features. Furthermore, its distinct segmented morphology, featuring a clear
head, thorax, and abdomen, facilitates identification of stable landmarks for precise motion
tracking and estimation.
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Figure 3.8: External morphology of a sun beetle.

In addition, P. marginata exhibits relatively controlled locomotion and physiological re-
silience to the high-field MRI environment, making it an ideal surrogate for validating
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motion compensation strategies. The beetle’s complex tissue composition, including chitin,
air sacs, and hemolymph, introduces substantial magnetic susceptibility (y) variation, which
presents significant challenges in imaging but provides a rigorous testbed to ensure the
robustness of the imaging frameworks before applying them to widely studied but smaller,
more signal-limited models like Drosophila melanogaster in the future.

Figure 3.8 presents a dorsal view of the adult Pachnoda marginata, with the head, thorax,
and abdomen clearly delineated. Adult specimens typically measure approximately 20 mm
to 25 mm in length, 10 mm to 12 mm in width, and 8 mm to 10 mm in height, providing a
favorable size for high-resolution uMRI.

3.3.1.1 Sun beetle on the treadmill

Figure 3.9 presents multiple perspective views of the tethered sun beetle mounted on the
treadmill in the experimental configuration employed in this thesis. The tethering arrange-
ment enables sustained locomotion while maintaining compatibility with the mechanical
and electromagnetic constraints of an ultra-high-field 15.2 T preclinical scanner equipped
with a commercial RF volume coil. The system is designed to preserve behavioral activity
within the spatial limitations imposed by the imaging environment. Further details on
the design, development, and characterization of the experimental setup are provided in
Chapter 4.

Figure 3.9: Tethered sun beetle on a spherical treadmill.

3.3.1.2 Anatomical reference MRI

Throughout this thesis, 2D MR imaging of the beetle is presented, focusing on sagittal
slices aligned with the longitudinal body axis and axial slices through the thorax (position
references in Fig. 3.10(c)). The sagittal orientation captures the major internal compartments
of the beetle, enabling visualization of the head capsule, the foregut and anterior midgut, and
the posterior digestive tract extending into the abdomen. These structures are surrounded
by air-filled tracheal networks and hemolymph-filled cavities, which may not be visible at
the this resolution, but introduces strong magnetic susceptibility contrasts if appropriate
imaging sequences are not selected.
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High-resolution anatomical reference images of the inactive insect are shown in Fig-
ure 3.10(a) and (b), with the corresponding acquisition parameters detailed in Section 4.5.
Axial thoracic images emphasize the dense musculature responsible for locomotion, in-
cluding the dorsal longitudinal muscles, dorsoventral muscles, and basalar muscles. These
muscle groups occupy a substantial fraction of the thoracic volume and are mechanically
coupled to the rigid exoskeleton.
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Figure 3.10: Anatomical reference image of Pachnoda marginata. (a) Sagittal MRI showing
the abdomen. (b) Axial MRI showing the thorax. (¢) MRI slice position. (Modified from [17].)

In this thesis, biological specimens are primarily used in an engineering sense, serving as
functional models (or “biological phantoms”) for testing and benchmarking the imaging
frameworks. While biological context is provided to guide interpretation, the emphasis
remains on methodological development rather than detailed biological or entomological
analysis. Magnetic resonance methods have been used in entomological and broader zo-
ological research, and the detailed discussions of these applications and their biological
implications can be found in the articles by Ziegler et al. [12] and Hart et al. [72].

Throughout this thesis, the terms insect and beetle may be used interchangeably. The phrase
“behaving model organism” or the related variations has been used to emphasize that the
insect is alive, active, and capable of performing normal behaviors, rather than to imply its

52



3.3 Constrained locomotion: treadmill

use as a model in the conventional biological or ethological sense. No conclusions regarding
the organism’s biological or behavioral significance are drawn from this terminology.

3.3.2 Insect uMRI challenges and considerations

The methodological advances presented in the thesis deal with the case of motion in the
UMRI regime. A key underlying assumption is that baseline static imaging provides ideal
reference measurements with respect to reconstructed image quality. In practice, however,
this assumption may not always hold, as static acquisitions can themselves be affected by
various nonidealities, and necessary choices have to be made in terms of the experimental
parameters, particularly the imaging sequence selection.

UMRI is fundamentally constrained by SNR limitations arising from the scaling of voxel
volume with spatial resolution, as briefly discussed in Section 3.2.5. For isotropic voxels, the
detectable MR signal is directly proportional to the voxel volume V. The methods developed
in this thesis employed a commercial 'H RF volume coil with a birdcage configuration (inner
diameter 35 mm; Bruker Biospin, Ettlingen, Germany) at 15.2 T. For conductive biological
samples, the receive chain operates in the sample-noise dominated regime [96]. Here,
the image SNR per voxel scales approximately linearly with the voxel volume for fixed
bandwidth and sequence parameters [97],

SNR o« V o (Ax)?, (3.3)

where Ax denotes the isotropic voxel dimension. In pMRI applications, Ax typically ranges
from 10 pm to 100 pm, resulting in a massive SNR penalty compared to conventional clinical
MRI with voxel sizes on the order of 1 mm to 2 mm. For example, reducing the voxel edge
length from 1 mm to 10 um corresponds to a 10°-fold decrease in voxel volume and hence
SNR per voxel, necessitating long acquisition times and ultra-high field strengths to achieve
viable image quality.

Operation at ultra-high magnetic fields (e.g., 15.2 T) provides an SNR gain; in the sample-
noise limit, SNR can exhibit super-linear dependence on By (up to approximately Bg/ * [96]
in some experimental regimes). However, these gains only partially compensate for the
severe signal loss imposed by voxel miniaturization. Furthermore, at high fields, the SNR
advantage is increasingly constrained by physiological noise and shortened T, relaxation
times, diminishing the marginal benefit of further increases in By. As a result, efficient
sequence design and signal utilization become critical for achieving better pMRI image
quality.

3.3.2.1 Susceptibility-induced inhomogeneities

In addition to SNR limitations, pMRI is particularly susceptible to magnetic field inhomo-
geneities arising from local susceptibility variations (Ay). At 15.2 T, even minor differences

53



3 Freely moving organism

in magnetic susceptibility between adjacent tissues or materials are magnified. In insect
imaging, prominent air-tissue interfaces, such as tracheal networks and the chitinous
exoskeleton, introduce strong local susceptibility gradients (G,) [13, 72].

While the absolute field shift AB is largely independent of voxel size, the resulting intravoxel
dephasing is determined by the internal field gradient, G, = V(AB), across the voxel. The
characteristic phase spread ¢ within a single voxel may be approximated by

¢~y (Gy - Ax)TE, (3.4)

where y is the gyromagnetic ratio and TE is the echo time. These internal field variations
lead to intravoxel dephasing, causing signal attenuation and distortion of echo amplitudes.
In severe cases, phase accrual can exceed 27 within a single voxel over typical echo times,
resulting in essentially irreversible signal loss. Such effects are particularly detrimental
for gradient recalled echo (GRE)-based imaging, where susceptibility-induced intravoxel
dephasing directly leads to T, -related signal loss. In multi-echo acquisitions, this effect can
accumulate across the echo train, corrupting T>- and T, -weighted contrast and compromising

image fidelity, particularly at ultra-high fields.
a. b.

Figure 3.11: Sagittal MRI of sun beetle using (a) FLASH, and (b) RARE (anatomical refer-
ence).

These combined effects are evident in the sagittal MRI acquired with the GRE-based fast
low angle shot (FLASH) sequence shown in Fig. 3.11(a), particularly in comparison with
the rapid acquisition with relaxation enhancement (RARE) acquisition in Fig. 3.11(b) of
the same slice of a dormant insect. It should be noted that this serves only as a qualitative
illustration of the image characteristics typically obtained with a GRE-based sequence in
insect imaging, using the RARE image as an anatomical reference. It does not constitute
a direct comparison between the two sequences, as their acquisition parameters differed
and were not individually optimized for maximal image quality. Imaging parameters can be
found in Appendix B
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3.3.2.2 Implications for sequence selection

These severe SNR penalties and susceptibility sensitivity place stringent constraints on
the selection of imaging sequences for insect pMRI. To mitigate susceptibility-induced
dephasing, echo times must be kept short, while SNR efficiency must be maximized to offset
voxel-scale signal loss.

These requirements motivate the use of RARE sequences for imaging throughout this
work. By employing a train of 180° refocusing pulses, RARE sequences refocus static field
inhomogeneity effects and suppress T, -related signal loss, thereby recovering coherence lost
to reversible dephasing, as described in Section 2.2.3.2. However, while RARE compensates
for susceptibility-induced dephasing, it does not eliminate intrinsic spin—spin relaxation. The
transverse magnetization still decays exponentially according to T, imposing a fundamental
limit on echo train duration.

In principle, increasing the RARE factor (or ETL) enables substantial acceleration by acquir-
ing multiple phase-encoding lines per excitation, thereby reducing total scan time. However,
both intrinsic T, decay and residual dephasing across the echo train impose a practical upper
bound on the usable echo train length. As the echo train extends, later echoes experience
reduced signal amplitude due to T; relaxation and accumulated phase dispersion, leading to
image blurring and contrast modulation across k-space.

Consequently, the parameters selected for the RARE acquisitions in the following chapters
reflect a compromise between acceleration, SNR efficiency, and susceptibility robustness.
Echo spacing, effective echo time, and echo train length were optimized primarily through
empirical experimentation, guided by the physical constraints outlined above. These settings
define the general acquisition strategy, while further methodological details specific to each
chapter are presented in the corresponding sections.

3.4 Conclusions

This chapter developed the core hypothesis of the thesis by translating the exploratory
findings into a concrete experimental framework. It began with the conceptual foundations
of imaging freely moving organisms in the context of uMRI, followed by the development
of an ex situ platform for validating a deep learning-based motion tracking framework.
Analysis of the motion tracking system’s performance and limitations, together with the
spatial constraints and system complexity of the proposed platform, revealed that fully
unconstrained motion in MRI remains challenging. These considerations motivated a tran-
sition toward a more controlled experimental paradigm of an in situ treadmill, culminating
in the selection of a suitable insect model and a detailed examination of the associated uMRI
challenges.

Together, these elements define the scope of the thesis and the design space of the proposed
platform, highlighting the interplay between MR measurement constraints, motion tracking
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requirements, and biological considerations. The following chapters build on this foundation
and develop the core methodological and experimental contributions of the thesis.
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4 In situtreadmill

The spherical treadmill provides a minimally constrained behavioral platform that enables
position-consistent magnetic resonance measurements of an active insect. This chapter
focuses on the design and implementation of the platform within the narrow bore of an
ultra-high-field magnet. While the platform effectively addresses the spatial constraints
of the magnet bore and enables MRI of tethered insect locomotion, conventional high-
resolution pMRI acquisitions still require scan times that exceed the physiological and
behavioral timescales of the insect’s motion. As a result, active motion compensation is
necessary. To address this, an integrated computer vision system was developed to perform
real-time motion estimation and tracking of the tethered insect. The resulting motion
information is used in a prospective gating framework to synchronize data acquisition with
the insect’s movement, enabling spatially consistent k-space acquisition. This approach
substantially reduces image artifacts arising from gross abdominal pitching motion during
tethered locomotion.

The contents of this chapter are based on the author’s contributions to the article “Motion
compensated magnetic resonance imaging of an active sun beetle using an in situ treadmill,”
published in Scientific Reports (2025) [17].

4.1 Introduction

The geometrical design of the in situ treadmill is fundamentally constrained by the physical
dimensions of the MRI scanner, which in turn limits the range of animal models that can
be accommodated for behavior or locomotion-based imaging experiments. In practice, the
primary limiting factor is the magnet bore diameter, with additional constraints imposed
by the geometry of the gradient and RF coils. While, in principle, gradient and RF coil
designs offer some flexibility through custom fabrication, the bore diameter constitutes a
fixed upper bound on the allowable experimental volume. In contrast to other modalities
such as optical imaging, electrophysiology, or X-ray—based treadmill experiments, where
experimental instrumentation can often be developed or arranged around the treadmill,
accessibility in pMRI is limited to the openings of the scanner bore. More flexibility can be
achieved by positioning some instrumentation ex situ and using relay mechanisms, like in
the case of a fiber-optic-based excitation systems for optogenetic stimulation and readout
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in the context of opto-fMRI [98]. Beyond spatial constraints, a fundamental consideration is
the MR-compatibility of any objects placed inside the bore. A wide variety of materials and
approaches have been developed for constructing MR-compatible systems, which have been
applied across numerous preclinical and clinical MRI platforms and applications [99, 100].
In this work, PLA-based additive manufacturing was employed to rapidly prototype and
build the spherical treadmill and its associated setup, providing a lightweight, customizable,
and an MR-safe platform suitable for integration within the commercial RF volume coil in
the ultra-high-field magnet.

The primary purpose of the treadmill system is to confine the insect’s movements within
the RF coil and MRI field of view, rather than to eliminate motion entirely. As discussed in
Section 2.3, motion can lead to image artifacts, signal loss, and spatial misregistration, ulti-
mately limiting achievable spatial resolution and quantitative accuracy. Accurate estimation
and characterization of subject motion is a fundamental requirement for effective motion
correction in MRI. As a result, substantial effort has been devoted to the development of
motion estimation and correction techniques in both clinical and preclinical MRI, some of
which have been discussed in Section 2.3.2. Motion tracking using external sensors, particu-
larly optical imaging, offers a practical means of capturing tethered locomotor dynamics
and thereby facilitates the mitigation of subsequent motion-related challenges.

Providing optical access to the treadmill-based experimental setup enables continuous,
real-time observation of subject motion and behavior during MRI acquisition. Optical
imaging system was developed and specifically optimized for operation within the ultra-
high-field magnet environment, together with a dedicated computer vision algorithm for
motion estimation. Conventional optical tracking approaches typically rely on rigid markers
attached to the subject’s body [36, 42, 101]. While effective in many human and animal
imaging applications, marker-based tracking is invasive and impractical for small, freely
moving organisms such as insects. To overcome these limitations, a markerless motion
estimation strategy based on sparse optical flow was adopted. This approach enables robust
tracking of user-defined anatomical features of the insect body across successive video
frames, thereby facilitating accurate estimation of motion fields without requiring any
physical modification or further constraints of the subject.

Comprehensive characterization of the developed optical tracking framework was conducted,
encompassing detection performance, tracking accuracy, and end-to-end system latency.
Using the extracted two-dimensional motion information, a prospective motion-gating
strategy was implemented to enable selective acquisition of k-space data during periods of
consistent or minimal motion. By synchronizing MR data acquisition with motion states,
this approach effectively reduces motion-induced artifacts and improves the reconstructed
image quality. Such gating strategies are well established in both clinical and preclinical
MRI, where they are commonly used to synchronize image acquisition with physiological
processes such as respiration or cardiac cycles [102, 103, 104]. Extending these principles
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to behavior-driven motion gating provides a flexible and non-invasive pathway toward
high-quality MRI snapshots of tethered insect locomotion.

The following sections provide a detailed account of the concepts, methods, and design
choices that define the experimental platform outlined above, which serves as the foundation
for the subsequent work in this thesis.

4.2 In situ treadmill: design and development

The overall design criteria of the spherical treadmill were governed by three primary con-
straints: mechanical integration within the available commercial radiofrequency (RF) coil
geometry, maintenance of unobstructed optical access for motion tracking, and MR compat-
ibility. The experimental platform for the rigid tethering of the active insect was realized as
a precision 3D-printed assembly, fabricated via a fused deposition modeling (FDM) process
using a Prusa MK4 system and Prusament polylactic acid (PLA) filament (Prusa Research a.s.,
Prague, Czech Republic), as shown in Fig. 4.2(a). The overall assembly dimensions (64 mm
X 32 mm X 34 mm) were selected to match the form factor of a commercial 35 mm inner-
diameter quadrature 'H RF volume coil in a birdcage configuration, tuned and matched to
650 MHz for the 15.2 T ultra-high-field magnet (Bruker BioSpec; Bruker BioSpin GmbH,
Ettlingen, Germany). This hardware configuration served as the standardized imaging
environment for all experiments described in this thesis unless stated otherwise.

A 3D-printed hollow ball with a wall thickness of 1 mm and an outer diameter of 17 mm
serves as the insect walking platform (see Fig. 4.2(a—c)). The primary structure features a
hemispherical slot of 18 mm diameter, with 6 air vents of 2 mm diameter, connected to a
laboratory dry air supply delivered through PVC tubing of 4 mm inner diameter, regulated
by a pneumatic shut-off valve, as represented in Fig. 4.5 and Fig. 4.1(a-b). The ball is
suspended within this slot. The insect is tethered to a vertically adjustable support structure
using a UV-cured adhesive (Delo Industrial Adhesives GmbH & Co. KG, Windach, Germany)
and positioned above the ball as shown in Fig. 4.1(b) and Fig. 4.2(e). The air-cushioned ball
provides a near-frictionless platform, allowing the insect to walk freely in any direction
relative to its fixed body.

4.2.1 Treadmill design iterations

The primary geometrical constraint for the treadmill design was the 35 mm inner diameter
RF volume coil, while a second key consideration regarding the treadmill operation itself
was optimizing the stability of the ball during the pneumatic actuation. Initial prototyping
revealed that configurations with multiple air vents provided greater mechanical stability
than a single-vent design, as illustrated in Fig. 4.3(a). Several multi-vent variants were
evaluated empirically. While four-vent designs were fabricated and tested, a six-vent
configuration consistently exhibited superior stability during operation. The final treadmill
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Figure 4.1: Design and development of treadmill setup. (a) Integrated treadmill with optical
imaging system inside 15.2 T magnet. (b) Spherical treadmill setup inside the 'H RF coil.

(Modified from [17].)

34 mm

32 mm

Figure 4.2: Design and development of treadmill setup. (a—d) CAD rendering of the
treadmill assembly. Treadmill with active beetle (e) in situ and (f) ex situ 'H RF volume coil.

(Adapted from [17].)
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design incorporating six air vents is shown in Fig. 4.3(b), with the corresponding wireframe
model presented in Fig. 4.3(c). The airflow characteristics were not explicitly modeled;
instead, the final configuration was determined through iterative rapid prototyping and
experimental evaluation.

a. 16 mm

Figure 4.3: CAD renderings of treadmill design iterations. (a) Initial design with a single
air vent. (b) Revised design with six air vents for improved airflow stability. (c) Wireframe
model of the six—air-vent design highlighting internal geometry.

The treadmill assembly was designed in a modular configuration to facilitate placement
within the RF coil and to enable precise positioning of the insect at the center of the coil.
The PLA-based 3D-printed structure is fully compatible with high magnetic fields and
produced no detectable susceptibility artifacts during MRI acquisition. Collectively, this
design provides the insect with an effectively infinite walking plane while maintaining a fixed
in-plane orientation relative to the imaging FOV. In addition, the tethering configuration
largely preserves both By and B; field homogeneity during imaging by design , as opposed to
a potential freely moving animal paradigm discussed in Chapter 3. The present assembly was
configured to satisfy the geometric constraints of the commercial cylindrical RF volume coil,
thereby minimizing design complexity for the proof-of-concept stage, as described above.
A reverse design approach, in which the RF coil geometry is optimized around the treadmill
platform, provides a clear direction for future gains in sensitivity. In particular, preclinical
small animal MRI commonly employs separate transmit-receive coil configurations, and
integrating bespoke surface coils for localized imaging could improve the filling factor and
SNR relative to the current volume resonator setup.

4.3 In situ MR-compatible optical imaging system

The real-time motion and behavioral responses of the insect inside the ultra-high-field
magnet were captured using an integrated optical imaging setup. The design was primarily
constrained by the magnet bore geometry, and by the requirement for MR-compatibility.
The treadmill positioned within the RF volume coil provided direct horizontal optical access,
eliminating the need for complex optical relays. The optical imaging system was developed
from a commercial webcam (Microsoft LifeCam HD-3000, Microsoft Corporation, Redmond,
WA, USA) with a maximum frame rate of 30 Hz, and image resolution of 1280 x 720 pixels,
as shown in Fig. 4.4(c). The webcam was modified for MR-compatibility by replacing its
metallic components with non-magnetic materials. All original metallic screws connecting
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the camera body to its printed circuit board (PCB) were removed and replaced with a hot
glue bond to ensure structural stability. The integrated microphone was also removed.
The modified camera was then housed within a custom 3D-printed mount, as depicted in
Fig. 4.4(a—d), and secured with polymer screws. The MR-compatibility of the setup was
studied using a water phantom sample and is provided in Section 4.3.2.

White LED
@ 60 mm
st H
= o
.
Webcam
b. d.
3 1000 mm ‘ :
(]
U
+—>
23 mm .
27.67 mm

Figure 4.4: Design and development of the in situ MR-compatible optical imaging system.
(a) Perspective view. (b) Side view. (c) Webcam and housing. (d) Exploded view. (Adapted
from [17].)

For illumination, a single surface-mount white LED (2 mm, 5V rigid strip type) was glued
to the camera mount (see Fig. 4.4(c)), and was driven using the camera’s power supply. The
camera and LED were powered from the USB connection to the computer (Lenovo Thinkpad
E14, Lenovo Group Limited, Beijing, China), which was used for grabbing the live video
feed and image processing for the gating trigger signal. A 20 m USB active repeater cable
connected the in situ camera to the computer in the instrument console room (see Fig. 4.5).
The camera’s manual focus ring was used for precise focusing, and the system was aligned
horizontally with the RF coil at a distance of 45 mm from the coil center inside the magnet
bore. For improved accessibility, the imaging setup was extended using a 1 m carbon fiber
tube, as shown in Fig. 4.1(a). The primary reason for choosing a low-cost commercial CMOS
webcam with modest spatial and temporal resolution was to minimize system complexity
and accelerate prototyping of MR-compatible modifications. This configuration met the
requirements of the experiments described in this thesis and provided a proof-of-concept
for optical integration within an ultra-high-field magnet.

The overall schematic of the in situ treadmill with the integrated optical imaging system
is shown in Fig. 4.5. The experimental components and operations are distributed across
physically separate rooms. The fully electromagnetic interference (EMI)-shielded magnet
room contains the MRI hardware and the treadmill setup, the adjacent instrumentation
room houses the spectrometer console, laboratory air supply valve, and computer vision
system, while MRI acquisition and monitoring are performed from a dedicated control room.
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All systems can be controlled remotely, either from the control room or via the computer
vision workstation in the control room using remote desktop access.

\
Computer vision and
trigger generation

MRI acquisition

Spectrometer console

TTL trigger Treadmill setup

Air compressor e :

Instrument room : Magnet room © Control room

Figure 4.5: Schematic diagram of the in situ treadmill with an integrated computer vision
system, a platform for performing MRI of behaving insects. (Adopted from [17]).

4.3.1 RF interference on the in situ optical imaging system

Although the camera was modified to be MR-compatible, there remained a possibility that
radiofrequency pulses and gradient switching could interfere with its operation. However,
empirical observations showed no significant RF interference or data corruption from the
camera during MRI acquisition or prolonged use inside the magnet. The camera employs
digital USB transmission with differential signalling and shielding, which reduces suscepti-
bility to potential electromagnetic interference. The RF excitation pulse had an estimated
amplitude of B;(t) =~ 3.74 uT, based on a sinc-modulated waveform with a duration of
1.575 ms, a bandwidth of 2kHz, and a flip angle of 90°. These observations suggest that
the combination of camera placement outside the coil (45 mm from centre of the coil),
low RF power, digital transmission, and shielding was sufficient to prevent interference.
More aggressive RF or gradient regimes, or the use of unshielded cabling, may require
additional shielding or filtering strategies, as demonstrated in previous MR-compatible
device designs [87].

4.3.2 Influence of the in situ optical imaging system on MRI

Integrating the optical imaging system within the ultra-high-field magnet may introduce
distortions to the By field, potentially affecting the accuracy of MR measurements. This
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effect was characterized using B field mapping experiments with a uniform water phantom
as the imaging sample. The camera system was positioned 45 mm from the center of the RF
volume coil, as in all tethered insect experiments described in this thesis (Fig. 4.6). A test
tube with a diameter of 17 mm and a length of 120 mm, uniformly filled with distilled water,
was placed inside the 35 mm 'H volume coil. By field maps were acquired both with and
without the optical imaging system inside the magnet. An additional B, map was obtained
with the optical system present and active shimming enabled to evaluate the effectiveness
of correcting the static B field distortions.

a By of central axial slice
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Figure 4.6: AB, distribution with and without the camera system, and with camera +
active shim for a water sample. (a) Central axial slice. (b) Coronal slice [z-axis]. (Adapted
from [17].)

The standard FieldMap sequence available in Paravision 360 v3.3 (Bruker BioSpin GmbH,
Ettlingen, Germany) was used for all experiments. Acquisitions were performed with an
isotropic FOV of (40 mm)? and a matrix size of 128 X 128 X 64, resulting in an in-plane
resolution of 312.5um X 312.5pum. The FOV was centered on the sagittal z-axis of the
76 mm long volume coil to capture the region of best By homogeneity. Mapping parameters
included an TE of 1.529 ms and a TR of 35 ms, with no signal averaging (NEX = 1), and the
total scan time was 276 s.

The B, field distribution of the central axial slice for the three aforementioned cases is shown
in Fig. 4.6(a). The mean and standard deviation of the By field variation for each slice, AB_,
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were calculated and plotted to characterize field inhomogeneity along the z-direction, as
shown in Fig. 4.6(b). The presence of the active camera introduced an approximately 450 Hz
lateral shift in the By field distribution, as evident from the measured By map in Fig. 4.6(b).
This shift appeared to be static and was effectively corrected using active shimming with
the Study Shim routine in Paravision 360 v3.3, as shown in Fig. 4.6(a) and (b). These results
demonstrate that the optical imaging system, when appropriately positioned and combined
with standard shimming procedures, does not significantly compromise the homogeneity
of the static magnetic field in the region of interest.

4.4 Animal handling

Following the development and characterization of the spherical treadmill platform and
the MR-compatible optical imaging system in preceding sections, the transition to in vivo
experimentation required a robust tethering interface and protocol that secured the beetle
within the coil and magnet isocenter. Live adult sun beetle (Pachnoda marginata) specimens
were used throughout the study. The specimens were acquired from an online pet store
(thepetfactory.de), housed in a custom-made enclosure at room temperature, and provided
with fruit and water as their diet, as specified by the vendor.

Cold-anesthesia ~2°C

Transport container
Dormant beetle

|I |
a. — .\ '/,Ezzz
| % — ;, ~

Treadmill setup UV glue drop on tether Tethering Transfer to treadmill Transfer to coil MRI experiments
b. c. d. e. f. g.

Figure 4.7: Animal handling and tethering procedure. (a) The beetle is placed in a small
ventilated plastic container and immobilized via cold-anesthesia. (b) Spherical treadmill
setup used for tethered locomotion. (c) The removable PLA-based tether is prepared, and a
single drop of UV-curable adhesive is applied at the designated attachment site. (d) The
cold-anesthetized beetle is tethered following adhesive curing. (e) The tethered beetle is
transferred onto the spherical treadmill. (f) The treadmill with the tethered beetle is slid
into the RF volume coil. (g) Final positioning of the setup for MRI experiments.

For tethering the insect, a UV-curable adhesive (Delo Industrial Adhesives GmbH & Co. KG,
Windach, Germany) was used. UV-curable resins are frequently used for insect tethering,
as they provide on-demand, fast curing and strong mechanical support while allowing
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precise positioning prior to polymerization. To facilitate accurate alignment and minimize
physiological stress, beetles were immobilized via cold-anesthesia at 2 °C for 15min. A
single drop of adhesive was applied to the 3D-printed PLA-based tether, which was then
positioned on top of the dorsal region of the beetle’s body, approximately near the scutellum.
The adhesive was cured under a UV source for 10 s; subsequent visual inspection confirmed
that this brief exposure was non-damaging and did not impede the transition from dormancy
to active locomotory states. Following curing, the tethered beetle was gently transferred
onto the spherical treadmill setup, and carefully positioned inside the RF volume coil for
the MRI experiments. Upon completion of the experiments, the adhesive tether was easily
removed using a cotton swab soaked in warm water. The adhesive did not leave any residue
on the beetle’s body. The live beetle was subsequently checked for any signs of damage and
returned to the enclosure. A detailed illustration of animal handling is provided in Fig. 4.7.

To account for anatomical variability among individuals of the same species, a single-
subject design was adopted for each experimental cohort. Unless otherwise specified, all
comparative data presented within a specific study or results section were acquired from
the same individual beetle within a single continuous session. This approach minimizes
inter-subject variability and ensures that observed changes in signal intensity or contrast are
attributable to experimental variables rather than morphological inconsistencies. Following
the conclusion of the experiments, the subjects were euthanized.

4.5 Baseline vs. motion-affected MRI

Initial imaging experiments was performed to establish a high-resolution anatomical base-
line. By utilizing the treadmill assembly without pneumatic activation, the tethered insect
remained in a dormant, stationary state, allowing for extended acquisition times and high
SNR. These static references, illustrated in Figures 3.10(a) and (b), serve as a ground truth
for identifying key internal anatomical structures, including the brain region, digestive
system components, and longitudinal thoracic muscle groups, prior to the introduction of
tethered locomotion. Unless otherwise stated, all MR imaging presented in this thesis was
performed using two-dimensional (2D) acquisitions.

For imaging the thorax region of the insect (Fig. 3.10(b)), a RARE sequence (Paravision
360 v3.3, Bruker BioSpin GmbH, Ettlingen, Germany) was used with TE of 5.78 ms, TR of
3000 ms, slice thickness of 1 mm, and an image matrix of 1024 X 1024 pixels over a 20 mm
X 20 mm FOV, resulting in an in-plane resolution of 20 pm X 20 um. Five signal averages
were acquired with a RARE factor of 3, yielding a total acquisition time of 1h25min 15s
per image.

For the sagittal section (Fig. 3.10(a)), the RARE sequence was applied with TE = 5.24 ms, TR
= 1000 ms, slice thickness = 1 mm, and an image matrix of 256 X 256 pixels over a 30 mm
X 30mm FOV, corresponding to an in-plane resolution of 117 pm X 117 ym. No signal
averaging, with a RARE factor of 1, resulting in a total acquisition time of 256 s per image.
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The absence of pneumatic activation does not always guarantee complete dormancy. Pre-
scan immobilization via cold anesthesia at 2 °C, or a fully restraint configuration can also
be used to minimize movement for the baseline imaging. In general, extended periods
of inactivity occur due to the diurnal behavior of sun beetles. However, internal organ
motion persists even in the absence of gross body movement, particularly affecting the
sagittal abdominal slice more than the thorax. Consequently, relatively shorter acquisition
times were chosen for abdominal imaging, while acquisition parameters for the thorax
were optimized to maximize SNR and improve the visibility of fine muscle structures.
These baseline protocols provided reference images that were used to evaluate subsequent
behavioral imaging strategies.

a.

Head motion

Abdominal motion

Figure 4.8: Effect of locomotion-induced motion artifacts on MRI reconstruction during
tethered experiments. (a) Reference image acquired while the insect was alive but in a
quiescent state, resulting in minimal motion. (b) Motion-corrupted image showing artifacts
predominantly arising from abdominal and head movements.

During the tethered locomotion, the dominant source of motion arises from abdominal pitch-
ing during walking. In comparison, magnitude of internal organ motion is relatively small
and can be neglected as of now. Gross abdominal motion during MRI acquisition produces a
combination of blurring and ghosting artifacts along the phase-encoding direction (vertical
in the image), with severity depending on the extent of motion. This effect is illustrated in
Fig. 4.8(b), which shows a motion-corrupted image that can be directly compared with the
corresponding reference image acquired under minimal-motion conditions while the insect
was in a quiescent state (Fig. 4.8(a)). The primary sources of these artifacts are abdominal
and head movements. The following section addresses these motion characteristics within
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the framework of a multi-rigid-body model of tethered insect locomotion and subsequently
develops the corresponding motion compensation strategy:.

4.6 Sun beetle tethered motion model

The spatial and temporal characteristics of insect motion relative to the k-space sampling
dictates the severity of the image artifacts, and play a central role in devising effective
motion-compensation strategies. It has been demonstrated that abdominal pitching during
tethered locomotion is the dominant source of image artifacts. The overall motion of a
walking insect on a treadmill consists of several components, including rapid leg movements,
gross body displacement driven by semi-periodic abdominal pitching, irregular head motion,
and internal organ dynamics. These motions differ substantially in amplitude, frequency,
and spatial extent, and therefore contribute differently to MRI phase errors or the k-space
corruption.

Although insect motion is inherently three-dimensional, certain components can be approx-
imated as predominantly confined to the two-dimensional imaging plane when a sufficiently
thick slice is used. In particular, abdominal pitching during tethered locomotion is largely
restricted to the imaging plane. As a result, it produces coherent in-plane phase modulation
and represents the primary contributor to observable ghosting artifacts in the reconstructed
images. Three representative phases of this semi-periodic abdominal motion are illustrated
in Fig. 4.10(b).

This section establishes a kinematic framework for characterizing gross body motion and
its impact on the k-space signal, thereby guiding the motion-compensation strategies de-
veloped in this thesis. The analysis is restricted to inter-scan motion, where substantial
displacement occurs primarily between successive phase-encoding steps during MRI ac-
quisition. Generally, the echo time and signal sampling occur on the millisecond timescale,
motion within these intervals is assumed to be negligible and is therefore not explicitly
modeled in this study.

4.6.1 Multi-rigid approximation

Although the insect body undergoes continuous non-rigid deformation, most observable
displacements are dominated by a few major segments, particularly the abdomen and head
(see Fig. 4.8(b)). These segment dynamics can be effectively approximated by piecewise
bulk translation and rotation, as discussed in Section 2.3.1. The dominant contributions to
motion-related artifacts come from bulk translations and rotations of the major segments,
whereas smaller-scale deformations have comparatively little effect on the reconstructed
images.
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In the most general case, motion is spatially varying and time-dependent, which can be
described by a displacement field:

r=r+u(rt), (4.1)

where r = (x,y,z) denotes the original spatial position and u(r, t) is the position- and
time-dependent displacement vector. The corresponding k-space signal, sampled along a
trajectory k(t), is given by:

s(k(t)) = /Q p(r) e 2k (rtu(rd) gy, (4.2)

with p(r) representing the spin density. Because u(r, t) varies across the object domain,
the phase modulation becomes spatially non-uniform, leading to incoherent phase errors.
These manifest as complex image blurring and non-linear ghosting that cannot be corrected
by simple rigid-body translations.

Abdominal link Thoracic link Head link

Joint1 Joint 2

Pitch

Figure 4.9: Schematic representation of the multi-rigid approximation of tethered insect
body motion, modeled as three articulated links connected by two joints (defined in the
scanner coordinate system).

A useful simplification is to approximate the specimen (object) as a set of N independently
moving rigid segments. While global translation and rotation were considered in Sec-
tion 2.3.1, this approach extends the concept to segment-wise rigid motion. The object
domain Q is partitioned into disjoint regions Q,, each corresponding to a rigid segment
with its own motion parameters; for example, head, thorax, and abdomen. Under this
approximation, the measured k-space signal can be expressed as:

N
S(k(t) =) /Q p(r) e 2O RO r+Tn(D) gy (4.3)
n=1 n

where R, (t) denotes the rotation matrix and T,,(¢) the translation vector of the n-th segment.
This transition effectively replaces the infinite-dimensional displacement field u(r, t) with
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a discrete set of degrees of freedom. For a specimen composed of N rigid segments, the
motion of any point r within a specific segment €, is constrained to a shared affine mapping
r’ = R,(t)r + T, (t). Here, R, (t) denotes an orthogonal 3 X 3 rotation matrix that describes
the angular orientation of the segment (e.g., abdominal pitching), while T, (t) isa 3 X 1
translation vector representing the linear displacement of the segment’s center of mass.

This distinction is physically significant in MRI: according to the Fourier Shift Theorem, the
translation T,,(¢) introduces a linear phase modulation in k-space, whereas the rotation R, (¢)
necessitates a corresponding rotation of the k-space coordinates themselves, as discussed in
Section 2.3.1. By decomposing the complex biological deformation into these segmental
components, the motion correction problem is reduced from estimating a continuous
vector field to tracking 6 N parameters over time, allowing for localized phase and rotation
compensation. In the simplified case of a motion in the 2D image slice as addressed in this
work, these parameters further reduce to 3N (two translations and one in-plane rotation),
significantly decreasing the computational complexity of modeling and developing the
correction strategies.

4.6.1.1 Articulated kinematics: links and joints

The multi-rigid approximation can be physically interpreted as an articulated kinematic
chain, similar to those used in robotics [105]. In this framework, the insect is modeled
as a set of rigid links connected by joints (pivots), as illustrated in Fig. 4.9. For a tethered
specimen, the thorax serves as the stationary base link. The head and abdomen are modeled
as independent links; while their motion is biologically constrained to rotations at the joints,
they are mathematically treated with six degrees of freedom (6-DOF) each to account for the
resulting translational shifts of their respective centers of mass relative to the MRI isocenter.

The relationship between any two segments is defined by the coordinates of the joint center
Tjoint. For the n-th segment, the transformation of a point r into the moving frame r’ is
constrained by its pivot point:

r = R, (t)(r - rpiuot) + Vpivor + T, () (4.4)

This formulation ensures that the rotation R,(t) occurs around the anatomical pivot (e.g.,
the petiole or the neck of the insect), rather than the global origin of the MRI coordinate
system. By treating the insect as a series of connected links, we can categorize the motion
artifacts as specific “articulation errors”, where phase inconsistencies are concentrated in
the moving link (the abdomen) while the base link (the thorax) remains phase-stable, which
is evident when comparing the reconstructed images in Fig. 4.8(a) and Fig. 4.8(b).

4.6.1.2 Localized motion and k-space implications

When motion is confined to a small region of the specimen, such as the abdomen of the
tethered insect, while the rest of the body remains stationary relative to the tether, the
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k-space signal exhibits characteristic features. To analyze these localized phase artifacts, the
translational component of motion is considered, denoted by the time-varying displacement
vector Ar(t). This vector is equivalent to the translation term T, (t) introduced in the
multi-rigid model (see Section 4.6.1), isolated here to highlight the effects of the Fourier
Shift Theorem. Let w,(r) denote a spatial window representing the moving patch. If this
patch undergoes a simple translation Ar(t), the measured k-space signal can be written as:

S(k(t)) = / w(r) p(r) e kW (r+ar ) gy 4 / (1= wa(r) p(r) e 2 *OT gr  (4.5)

moving patch static background

In image space, multiplication by w,(r) corresponds to a convolution in k-space. The motion-
induced phase modulation therefore spreads across k-space. However, since the convolution
is weighted by the spatial support of w,, the resulting ghosting artifacts appear globally
but are strongest in regions corresponding to the moving segment in the reconstructed
image. This is evident in the motion affected image in Fig. 4.8(b). This establishes a direct
relationship between segmental motion and the resulting localized artifact patterns in the
reconstructed images, thereby informing the motion-compensation strategies developed in
this thesis.

4.7 Prospective gating

The true motion model within the selected sagittal 2D slice is inherently non-rigid. However,
it can be reasonably approximated as a multi-rigid motion comprising three interconnected
links, as discussed in the previous section. These can be referred to as the abdominal link,
the thoracic link, and the head link. Under the current imaging configuration, the dominant
motion artifacts arise from the pitching of the abdominal link (link 1) during locomotion.
The thoracic link serves as the tethering point and therefore exhibits relatively minimal
motion. In contrast, head motion is comparatively rapid and irregular; however, due to its
small voxel volume, the resulting artifacts remain localized and do not significantly affect
the surrounding regions.

Motion gating can mitigate artifacts by synchronizing data acquisition to specific phases
of motion. The articulated link-and-joint model provides the necessary framework for a
prospective gating strategy for the motion compensated pMRI of the tethered insect locomo-
tion. While the abdominal pitching motion is not strictly periodic, it recurs frequently and
consistently within a reasonable time frame, enabling the effective use of prospective gating
despite deviations from ideal periodicity. Implementing motion gating typically requires
an external or internal surrogate signal that reliably reflects the underlying physiological
motion. In the clinical and preclinical MRI, commonly used surrogates include respiratory
belts, pressure sensors, navigator echoes, or electrophysiological signals, which provide a
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low-dimensional proxy for the motion state. However, such signals often offer limited spatial
specificity and may not adequately capture complex motion patterns such as abdominal
pitching during locomotion, which represents a fundamentally different regime of motion
from the internal physiological motion commonly addressed with gating. In addition, most
conventional approaches, aside from MR navigator echoes, require some form of contact
with the subject, which can be invasive and may compromise the goal of minimizing the
constraints. To address these limitations, motion is estimated non-invasively in a markerless
fashion using a computer vision system built upon the integrated optical imaging system,
enabling a more spatially resolved and flexible surrogate for prospective gating.

4.7.1 Computer vision-based prospective gating

The integrated optical imaging system described in Section 4.3 enables real-time video
acquisition of the active insect on the spherical treadmill. Basic image processing of these
data allows the extraction of the insect’s motion trajectory, which forms the foundation
for a motion-compensated acquisition strategy. However, reliable prospective motion
compensation requires more than offline processing; it demands robust, automated, and
low-latency motion estimation.

The Lucas—Kanade sparse optical flow method, as described in Section 2.3.4, can be used for
real-time estimation of the insect’s abdominal pitching motion. This effectively transforms
the in situ MR-compatible optical imaging setup to a comprehensive computer vision system
designed for real-time motion estimation. A complete description of the algorithm for the
keypoint tracking is given in Algorithm 1. The resulting motion estimate serves as a trigger
for prospective gating during single-coil 2D Cartesian k-space line acquisition. Specifically,
the computer vision module generates a gating signal based on the tracked motion of a
predefined anatomical landmark. The tracking algorithm is implemented in OpenCV [81]
using a sparse optical flow formulation. Unless stated otherwise, the posterior apex of the
insect (Fig. 4.11(c)) is selected as the tracking keypoint throughout this chapter. While
the present implementation focuses on single-point tracking, Algorithm 1 readily extends
to multipoint tracking with minor modifications. Furthermore, a comprehensive velocity
field could be obtained by adopting a dense optical flow formulation; however, achieving
real-time performance with such an approach may pose computational challenges.

The current motion model requires only 2D motion information, corresponding to the
MRI slice plane. The relative configuration of the abdominal and thoracic links defines
the gating state. The tracking algorithm continuously compares the estimated pose with a
predefined reference configuration and generates a trigger signal via a serially connected
Arduino Uno microcontroller (Arduino AG, Ivrea, Italy) whenever the state falls within
a specified tolerance window. This approach ensures that k-space lines are acquired in a
spatially consistent manner, thereby minimizing the effects of gross abdominal motion on
MRI reconstruction. The complete control strategy is summarized in Algorithm 2, with a
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Figure 4.10: In situ computer vision system for real-time prospective gating. (a) Schematic
of computer vision-based prospective gating. (b) Abdominal motion phases of the insect.
(Adopted from [17].)

Algorithm 2: Computer vision-based prospective gating [17].

Input: I, Image frames captured from real time video
Output: TTL trigger signal to spectrometer console
Initialization: Define MRI parameters;
Capture first optical image frame I;;
Select the reference position r(x, y) and the body part keypoint p; (x, y) to be tracked;
Start MRI acquisition;
for counter = 1 to number of phase encoding do
Optical flow computation based tracking (see Algorithm 1) ;
if tracked position pi(x,y) = r(x,y) + € then
TTL trigger ON for next k-space line acquisition;
L Wait for one TR and continue;

else
| TTL trigger OFF;
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schematic diagram provided in Fig. 4.10. The vision-based triggering pipeline introduces
unavoidable latency due to the sequential processes of image acquisition, motion estimation,
and trigger generation, which may lead to residual motion artifacts in the reconstructed
images. The following section quantitatively characterizes both the motion detection
accuracy of the computer vision algorithm and the total end-to-end latency of the triggering
pipeline.

4.7.2 Computer vision system performance characterization

The proposed computer vision-based prospective gating strategy does not require cross-
calibration procedures, which are commonly required in prospective motion correction
(PMC) approaches in clinical MRI [36]. The triggering pulse generation pipeline compares
the position of the defined keypoint between consecutive image frames within the same
coordinate system, thereby eliminating the need for any coordinate transformation.
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Figure 4.11: Euclidean distance error between optical flow algorithm detection and manual
annotation for 100 images. (a) Y-position trajectory. (b) Error histogram. Sample images
showing (c) small and (d) large detection error. (Adapted from [17].)

The accuracy of the optical flow-based algorithm for keypoint detection and tracking was
evaluated by comparing its outputs with manually annotated ground truth data. For this
purpose, 100 images were extracted from a 256 s-long video of an in situ behaving insect and
manually annotated. The optical flow-based Algorithm 1 tracked the keypoints across these
images. The resulting Y-position trajectories for both the algorithm and manual annotations
are shown in Fig. 4.11(a).
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Tracking error was quantified as the Euclidean distance between the algorithmically detected
and manually annotated keypoint locations (see example images in Fig. 4.11(c) and (d)).
Across the 100 images, the mean error was 2.04 + 1.13 pixels (or 91 pm + 50 um), with
the corresponding histogram shown in Fig. 4.11(b). To account for variability in manual
annotation, the Euclidean distance between two independent sets of annotations of the same
data was also calculated, resulting in 1.47 + 0.85 pixels (or 66 pm + 38 pm). These results
demonstrate that the optical flow-based algorithm achieves near-human-level accuracy in
keypoint detection.

The computer vision—based triggering system introduces inherent latency due to several
factors, including the camera’s limited frame rate, the extension cable between the camera
and the computer, optical flow computation, serial communication with the Arduino, and
the transistor—transistor logic (TTL) trigger to the spectrometer for a single MRI k-space
scan. The total latency from acquisition of the first video frame to the TTL trigger of the
first k-space line was measured to be around 43 ms.

4.8 MRI of the behaving insect

The baseline motion-free and motion-affected MRI experiments described in Section 4.5
highlight the limitations of conventional acquisition in the presence of tethered insect
locomotion, and motivate the need for an active motion-compensation strategy. In this
section, the developed vision-based prospective gating technique is employed to address

this challenge.

Two primary imaging orientations were considered for the 2D MRI of the tethered insect.
The first orientation corresponds to an axial section through the thoracic region, which
typically exhibits minimal motion during locomotion. The second orientation corresponds
to a sagittal section extending longitudinally through the entire body and is therefore
highly susceptible to motion artifacts arising from abdominal movement. For this sagittal
configuration, the developed computer vision system provides real-time motion estimates
that are used to drive prospective gating for motion-compensated pMRI acquisition. Position
references of the selected imaging planes are shown in Fig. 3.10(c).

4.8.1 Axial MRI of the thorax

All imaging experiments were performed using a RARE sequence unless stated otherwise.
The spin echo-based sequence was chosen to reduce the severe susceptibility artifacts
arising from the hard exoskeleton of the insect, as discussed in Section 3.3.2. For imaging
the thoracic region, a short TE of 5.24 ms and a TR of 1000 ms were used. Images were
acquired with a matrix size of 512 X 512 pixels over a FOV of 20 mm X 20 mm, resulting in
an in-plane spatial resolution of 39 um X 39 pm. The slice thickness was set to 1 mm, with
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no signal averaging, a RARE factor of 4, and a total acquisition time of 128 s for a single
image.

Figure 4.12(b) shows the thoracic MRI acquired when the insect was inactive, exhibiting
minimal motion, as confirmed by the abdominal motion trajectory shown in Fig. 4.12(a).
Figure 4.12(d) shows the corresponding thoracic MRI acquired while the insect was actively
walking, with the associated motion trajectory shown in Fig. 4.12(c). Both images were
acquired without triggering. No visible differences are observed between the two images,
indicating that when the dominant motion occurs outside the excited slice, motion-free MRI
images of the actively moving insect can be obtained without the need for active motion
correction or gating strategies.
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Figure 4.12: Effect of tethered locomotion on axial thorax MRI. (a) Motion trajectory of
the inactive insect abdomen. (b) Thorax MRI of the inactive insect. (c) Motion trajectory of
the walking insect abdomen. (d) Thorax MRI of the active insect. (Adapted from [17].)

4.8.2 Sagittal MRI of the insect body

For sagittal MRI acquisition, a short TE of 5 ms and a TR of 1000 ms were used. Images were
acquired with a matrix size of 256 X 256 pixels over a FOV of 30 mm X 30 mm, resulting
in an in-plane spatial resolution of 117 pm X 117 um. The slice thickness was set to 1 mm,
with no signal averaging and a RARE factor of 1, yielding a total acquisition time of 256 s
for a single image. Figure 4.13(f) shows the sagittal MRI acquired without gating during
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active locomotion, together with the corresponding abdominal motion trajectory shown in
Fig. 4.13(e). The magnified view in Fig. 4.13(g) clearly illustrates the extent of motion artifacts
induced by abdominal movement. In contrast, Figs. 4.13(j), (n), and (r) present sagittal MRI
images of the same anatomical section acquired using prospective gating under different
motion trajectories, shown in Figs. 4.13(i), (m), and (q). The corresponding magnified views
in Figs. 4.13(k), (o), and (s) demonstrate a substantial reduction in motion-related artifacts.

As a reference for comparison, Fig. 4.13(b) shows the sagittal MRI of an inactive insect,
with the corresponding magnified view in Fig. 4.13(c) and the associated motion trajectory
shown in Fig. 4.13(a). As expected, minimal motion artifacts are observed in this case. Pixel
intensity profiles extracted from the sagittal MRI images, shown in Figs. 4.13(d), (h), (1), (p),
and (t), further quantify the extent of motion artifacts and demonstrate the effectiveness
of prospective gating in mitigating these artifacts. A variation in total acquisition time
is observed across the prospectively gated MRI datasets when compared with both the
ungated active locomotion case and the inactive insect reference. This variation arises from
non-uniform waiting periods between successive triggering events, which are strongly
influenced by the locomotion behavior of the insect.

Observable differences in SNR between the thoracic MRI (Figs. 4.12(b) and (d)) and the
abdominal MRI (Fig. 3.10(a)) arise from a combination of acquisition parameter choices and
anatomical factors. Although comparable TR and TE values were used for both scans, the
abdominal MRI exhibits higher SNR due to its larger voxel size, larger imaging volume,
and the use of a single-echo acquisition with a RARE factor of 1. These factors collectively
contribute to an increased signal amplitude.

In contrast, the thoracic MRI prioritizes higher spatial resolution, resulting in smaller voxel
sizes and reduced signal per voxel. In addition, a RARE factor of 4 was employed, leading to
longer echo trains and increased cumulative T, decay, which together reduce the effective
SNR. For sagittal abdominal MRI, a RARE factor of 1 was intentionally selected to minimize
sensitivity to motion between successive echoes during gated acquisition, since higher
RARE factors involve multiple echoes per gating event and are therefore more susceptible
to motion-induced phase inconsistencies. In the thoracic MRI experiments, motion gating
was not required due to the minimal motion within the excited slice, allowing the use of a
RARE factor of 4 as a standard acceleration strategy for RARE-based acquisitions. Although
gating can, in principle, be combined with larger RARE factors, such implementations
require sequence modifications and precise timing control to mitigate the increased motion
sensitivity associated with longer echo trains.

A relatively long repetition time was used across all imaging experiments to ensure near-
complete T; relaxation, thereby enhancing signal intensity and image contrast, and to
accommodate system latency between successive trigger signals during gated acquisition.
Mild ghosting artifacts observed in the gated abdominal MRI are attributed to a combination
of residual motion and system latency. This effect is particularly evident in the gated scan

7



4 |n situ treadmill

Translation [mm] Translation [mm] Translation [mm] Translation [mm]

Translation [mm]

Motion trajectory

— Xtrajectory
— Y trajectory

100 150 200 250

—— Xtrajectory
— Y trajectory

100 150 200 250

—— Xtrajectory
— Y trajectory
e Trigger window

100

—— X trajectory
—— ¥ trajectory
o Trigger window

—— Xtrajectory
— Y trajectory
® Trigger window

200

400 600 800
Time [s]

Sagittal MRI

Ground truth

Non gated

Gated 1

Gated 2

Gated 3

Zoomed in view

Pixel intensity profile

Pixel index

[ne] Aysuaju|

[e] Aususiul

[ne] Aususyul

[ne] Aususyul

[ne] Asusiul

Figure 4.13: Prospective gating for motion-compensated sagittal MRI of a behaving insect
on a treadmill. (a—d) Inactive condition: motion trajectory, sagittal MRI, magnified abdom-
inal view, and corresponding intensity profile showing minimal motion artifacts. (e=h)
Behaving insect without gating, demonstrating pronounced motion artifacts. (i-1), (m-p),
and (q-t) Prospective gating iterations 1-3, respectively, showing motion trajectories, MRI
images, magnified abdominal views, and intensity profiles, showing consistant reduction of
motion artifacts. (Adapted from [17]).
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labeled "Gated 3" (Fig. 4.13(r)), which exhibits a pronounced motion profile. The triggering
system latency of 43 ms implies that rapid motion occurring within this delay window can
contribute to the persistence of residual motion artifacts.

4.9 Discussion

The in situ treadmill platform combined with the computer vision-based prospective gating
significantly reduced motion-related artifacts, enabling MR imaging of a tethered, behaving
insect. The accuracy and latency of the developed computer vision system were sufficient
for reliable estimation of the dominant abdominal pitching motion. While adequate for
the present application, performance could be further improved through faster imaging
hardware and more efficient motion-estimation algorithms. Recent advances in computer
vision, particularly in markerless animal tracking, have had a substantial impact across
various domains of zoological research, with deep learning-based methods enabling precise
behavioral analysis from video data [74, 106]. Although this chapter focused exclusively on
motion estimation for MR artifact reduction, the MR-compatible computer vision system
could be readily extended to quantitative behavioral analysis, either by enhancing the
existing optical flow-based approach or by integrating deep learning-based methods.

This chapter primarily addressed gross abdominal motion, which represents the dominant
source of movement during insect locomotion in the tethered configuration. Extension
of the proposed approach to other body segments is feasible, provided that the motion
can be reliably estimated and parameterized. Currently, leg movements do not produce
a measurable impact on the MR signal within the selected imaging slices. Head motion,
while relevant in the context of insect locomotion, appeared to be spatially localized and
was therefore neglected in this study. The abdominal motion pattern was observed to
be semi-periodic, resulting in variable waiting periods for prospective triggering. This is
conceptually similar to respiratory gating in clinical MRI, where acquisition efficiency is
reduced due to phase-matching constraints. Internal organ motion can also contribute to
image blurring, though its effect is generally smaller than that of gross body movement
and was not explicitly addressed here. Established MR-based motion estimation techniques,
such as navigator echoes [37, 107, 108], could be integrated to monitor internal motion
during acquisition, thereby enabling both prospective and retrospective motion correction.

An alternative to motion compensation strategies is to capture the motion by accelerating
the MR acquisition beyond the temporal scale of the subject’s movement. This generally
relies on computational frameworks that reconstruct dynamic 2D or 3D MRI from rapid,
continuous, non-gated acquisitions. Such methods typically leverage compressed sensing
(CS), low-rank modeling, and stochastic optimization to manage severe undersampling and
irregular motion, with demonstrated success in clinical applications like pulmonary and
dynamic contrast-enhanced imaging [109]. While pMRI imposes inherent constraints that
limit direct translation of these techniques to insect locomotion, the experimental platform
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is compatible with accelerated k-space sampling and advanced reconstruction strategies.
This general idea will be explored in later chapters to achieve better temporal resolution,
potentially enabling biomechanical studies of insect pose and locomotion, analogous to
dynamic and real-time imaging paradigms in clinical and preclinical MRI [110, 111, 112].

The small voxel volumes of insect uMRI impose fundamental sensitivity constraints, as
discussed in Section 3.3.2. The use of ultra-high magnetic field strengths, such as the 15.2T
system employed here, partially alleviates these limitations by enhancing the SNR and spin
sensitivity. Nevertheless, the proposed methodology is not intrinsically tied to this field
strength and can be adapted to other high-field preclinical MRI platforms. Application
to lower-field systems or platforms with limited gradient performance is also feasible,
although it necessitates careful consideration of trade-offs among spatial resolution, SNR,
and acquisition time. Some of these limitations may be mitigated through extended signal
averaging or the use of custom hardware, including optimized RF and gradient coil designs.

Beyond prospective gating, the current framework can be naturally extended to a retrospec-
tive gating strategy. In such an approach, k-space would be oversampled to acquire multiple
frames of the same slice during periods of motion, followed by post hoc synchronization
or binning of k-space lines according to motion phase. This strategy can reduce motion
artifacts without introducing irregular waiting periods and potentially enables dynamic
MRI of the behaving insect, which is explored in the following chapter.

4.10 Conclusion

This chapter introduced the concept, design, and development of an in situ treadmill setup as
a platform for pMRI of actively behaving insects. The MR-compatible, 3D-printed treadmill
assembly functions as a tethering platform, enabling stable and reproducible positioning
required for MRI acquisition. In addition, the integrated computer vision system allows
real-time extraction of motion information of the insect’s locomotion. This information is
subsequently used for prospective gating to achieve motion-compensated pMRI acquisition
and reconstruction. At present, the temporal resolution of this approach is limited by non-
rigid, often irregular abdominal pitching motions that occur during tethered locomotion.
Furthermore, prospective gating introduces residual motion artifacts. These limitations are
addressed by the methods developed in the following chapter, further advancing the goal
towards dynamic pMRI of behaving insects.
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5 Residual motion artifact correction

The contents of this chapter are based on the author’s contributions to the article “Residual
motion artifact removal enables dynamic pMRI of a behaving Pachnoda marginata,” published
in Journal of Magnetic Resonance (2025) [18].

In situ treadmill provides spatial consistency for MR acquisition with minimal constraints
on the movement of the tethered, behaving organism. By confining motion largely within
the MRI field of view (FOV) or the selected imaging slice, this configuration enables effective
suppression of motion artifacts through the prospectively gated k-space acquisition. The
dominant motion during tethered insect locomotion can be approximated as a set of multi-
rigid body movements, primarily associated with abdominal pitching. While prospective
gating substantially reduces the impact of gross body motion, internal organ motion persists
and is not explicitly addressed by the gating strategy. Consequently, residual artifacts will
degrade the MRI reconstruction quality, arising from these higher-order motion effects that
include non-rigid spatial deformations and temporal variations beyond the assumptions of
the gating model.

Additionally, behavioral variability of insect locomotion imposes practical limits on the
temporal resolution achievable with prospective gating. Spatial consistency is achieved
through position—state matching, which inherently favors motion-compensated imaging
of discrete locomotor states (or poses) over continuous dynamic imaging. Retrospective
gating offers a complementary alternative, which avoids the need for waiting periods for
state-matching. The MRI k-space acquisition is synchronized with the optical imaging and
employs a continuous acquisition scheme, with MRI frame repetitions specifically aligned
to match the physiological timescale of the insect’s behavior. Motion-compensated MR
image frames can be retrospectively recovered by aligning the insect motion states with the
corresponding phase encoding steps, analogous to the retrospective cardiac and respiratory
gating techniques used in clinical MRI [102, 103, 104].

In addition to limitations imposed by the assumed motion model (Section 4.6), both prospec-
tive and retrospective motion correction strategies that rely on external sensors or MR-based
internal measurements for motion estimation inherently introduce uncertainty, which can
also contribute to residual artifacts in the reconstructed images [113, 114]. Accurately
modeling these residual artifacts is particularly challenging, as they arise from a complex
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interplay of system latency, tracking errors, and unmodeled non-rigid motion components.
This renders the problem highly ill-posed, especially in the context of insect locomotion.
Nevertheless, residual motion artifacts are typically less severe than primary motion effects
and tend to be spatially localized. Although the underlying dynamics that give rise to these
artifacts are challenging to model explicitly due to their non-rigid and irregular nature, their
image-domain effects can often be approximated by a simplified translational and rotational
motion model. Given these characteristics, data-driven approaches are well-suited for ad-
dressing such problems, and have demonstrated considerable success in clinical MRI motion
correction [34, 35]. Deep learning (DL)-based methods for MRI motion correction have
rapidly advanced in recent years, and several comprehensive reviews summarize these de-
velopments [34, 115, 55]. Among these, supervised image-to-image translation approaches
employing deep convolutional neural network (CNN) in the image magnitude domain
provide a strong and widely adopted baseline, owing to their simplicity, effectiveness, and
broad applicability in mitigating motion-induced artifacts [116, 35].

Deep learning-based approaches for MRI motion correction require extensive datasets for
training, comprising paired images with and without motion artifacts. Acquiring such
datasets from real experiments is often challenging, time-consuming, and costly. Conse-
quently, most motion correction strategies rely on simulated data, frequently derived from
large public clinical MRI repositories. In contrast, public MRI datasets for insects or even
small animal vertebrate models are largely not readily available, primarily due to the use of
highly specialized and species-specific experimental models that are not as standardized
or widely adopted as clinical MRI protocols. As a result, obtaining a sufficiently large,
motion-free ground truth dataset for insect MRI remains particularly laborious and expen-
sive. Transfer learning can be an effective approach in addressing the data scarcity problem
when training deep neural networks [68, 117], as discussed in Section 2.12. The model can
be pre-trained with a source domain of motion-corrupted dataset simulated from a large
publicly available brain MRI dataset [118], enabling the model to learn generalizable features
associated with the motion artifacts. By fine-tuning this pre-trained model on a small target
domain dataset of insect MRI with simulated motion artifacts, the network adapts to the
specific structural and textural characteristics of insect anatomy while retaining useful
feature representations from the source domain.

In summary, this chapter presents a fully retrospective approach for motion-corrected
UMRI of the actively behaving insect. The framework integrates retrospective gating to
compensate for gross, multi-rigid abdominal motion with a deep learning—based method
to correct residual motion artifacts arising from higher-order dynamics and measurement
uncertainties. This combined strategy, as illustrated in Fig. 5.1, extends the potential
temporal resolution and image fidelity achievable with pMRI, forming a step toward the
broader goal of dynamic uMRI of tethered insect locomotion.
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learning-based residual motion correction. (Modified from [18].)
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5.1 Retrospective gating

The motion model of the tethered insect considered here is essentially the same as that
employed for the prospective gating in Section 4.6. The gross non-rigid body motion was
approximated using a simplified multi-rigid representation, with a predominantly static
horizontal segment corresponding to the thorax, and a dynamically moving abdominal
segment. Three discrete representative motion states are illustrated in Fig. 4.10(b) and in
Fig. 5.2(b), capturing the dominant abdominal postures observed during tethered locomotion.

The MRI experiment involved continuous acquisition of 2D k-space data from a selected
sagittal slice over multiple frame repetitions. The imaging was performed using a RARE
sequence, with the acquisition parameters including a TR of 250 ms, a TE of 5ms, and an
image matrix of 256 X 256 pixels with a FOV of 30 mm X 30 mm. The sequence was configured
without signal averaging, with a RARE factor of one, a slice thickness of 1 mm, and 50
repetitions to acquire dynamic MRI frames. This setup resulted in a total acquisition time
of 53 min 20 s and an in-plane image resolution of 117 um X 117 pm. The total number of
acquired phase encoding or k-space lines was an integer multiple of MRI frame repetitions.

Optical imaging acquisition was synchronized with the MRI acquisition. The 2D motion
trajectory of the keypoint was extracted using the optical flow technique [17], as discussed
in Section 2.3.4. The abdominal pitching motion was irregular and only semi-periodic,
a consistent motion cycle could not be reliably defined; as a result, conventional phase-
based gating was unreliable and could not ensure uniform sampling of phase-encoding
lines for a given motion state. To address this limitation, the insect abdominal pose was
discretized into position states via grid-based clustering of the motion trajectory, with cluster
centroids defining representative states. Although the motion was temporally irregular,
it was spatially constrained within a finite range (e.g., £5° rotation of the abdomen link),
making a discretization into spatial bins meaningful. This approach provides a simple and
robust way to define motion states without assuming periodicity or a specific motion model
and can be interpreted as a form of self-gating.

Figure 5.3(a) presents the motion trajectory of the annotated keypoint (posterior part of
the insect abdomen) during k-space acquisition, with color-coding indicating the spatial
clusters identified through grid-based categorization. Fourteen clusters were defined using a
4 % 4 equally spaced 2D spatial grid, excluding any grid cells that did not contain data points.
Figure 5.3(b) displays a 2D X-Y plot of the same trajectory, where the cluster centroids define
the position states for the gated MRI reconstruction. The standard deviation of points within
each cluster, shown in Figure 5.3(c), served as a metric for the precision of each position
state estimation. Phase encoding steps were then correlated with the insect abdominal pose
position states during MRI acquisition, to generate individual k-space matrices for motion-
compensated image reconstruction. Multiple k-space frames of the same position state
were averaged for better SNR, while gaps in k-space were filled using linear interpolation.
Figure 5.2 shows an overall schematic of the process, where Figure 5.2(a) represents the
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Figure 5.2: Schematic representation of the in situ treadmill setup integrated with an MR-
compatible computer vision system for motion estimation, enabling retrospective gating
for motion-compensated MRI. (a) Computer vision system. (b) In situ treadmill. (c) Motion
trajectory of the selected keypoint, with the phase encoding index of the MRI frames. (d)
Phase encode reordering for position consistent MRI reconstruction. (Adopted from [18].)
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in situ MR compatible computer vision system, Figure 5.2(b) shows the in situ treadmill
setup, Figure 5.2(c) illustrates the motion trajectory of the selected keypoint calculated
by the optical flow algorithm, and Figure 5.2(d) represents the sorted MRI k-space frames
corresponding to the discrete position states, which upon DFT reconstruction gives motion
compensated images. The overall pipeline is presented in Algorithm 3.

Algorithm 3: Retrospective gating. (Adopted from [18].)
Input
+ K(ky, ky, n): 3D k-space (frequency encoding X phase encoding x frames).

« S(n): Motion signal - sparse optical flow motion trajectory of keypoint.

Output: {L,(x,y)}*_ : Motion-resolved MRI frames.

I. Bin frames by motion state
Cluster motion signal S(n) into M states {my, ..., my;} using grid-based clustering.

II. Assign frames to motion bins

foreach framen do
| Assign K(;,:, n) to bin m where S(n) € m.

III. Reconstruct motion-resolved k-space
foreach motion bin m do
Reconstruct K, (ky, ky) = mean{K(ky, k,,n) | n € m}.
if K,, has missing k, lines then
Interpolate using:
L - Linear interpolation.

IV. Generate motion-resolved images
foreach K, do

L L (x, y) = FFT_I(Km(kx’ ky))

5.1.1 Retrospective gating for the initial correction

Retrospective gating was implemented following the procedure outlined in Algorithm 3.
Figure 5.3(d) presents the average of 50 MRI magnitude images, highlighting the extent of
motion-induced artifacts throughout the acquisition. Motion is primarily localized to the
abdomen and head, while the thorax exhibits minimal to no artifacts, and is consistent with
the assumed motion model. A representative motion-corrupted frame from this dataset
is shown in Fig. 5.3(e). Initial motion compensation achieved via gated reconstruction is
illustrated in Fig. 5.3(f), while Fig. 5.3(g) provides a reference MRI frame of the same slice in
the absence of large-scale abdominal motion. The multi-rigid abdominal position states of the
tethered insect on the treadmill are visualized in Fig. 5.2(b). This experiment demonstrates
the reconstruction of a single gated frame corresponding to a specific positional state. The
method extends to the reconstruction of multiple frames representing the positional states
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extracted through clustering, with performance determined by the motion dynamics of the
behaving insect.

Both the gated frame (Fig. 5.3(f)) and the reference frame (Fig. 5.3(g)) exhibit residual
blurring, primarily due to the physiological motion of the internal organs. The following
section characterizes the nature and extent of this residual motion, and the subsequent
sections present strategies to mitigate it.
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Figure 5.3: Retrospective gating for motion compensated pMRI. (a) X&Y-motion trajectory
of the selected keypoint for the duration of MRI raw data acquisition, color-coding represents
the different spatial clusters. (b) 2D X-Y plot of the same motion trajectory, with color-coding
represents the grid-based clusters with the centroid defines the different position states
for gating. (c) Standard deviation of distance from the centroid of the individual clusters.
(d) Average magnitude image of 50 MRI frames showing the extend of motion-artifacts.
(e) Sample motion-corrupted frame out of the reconstructed 50 frames without motion
compensation. (f) Retrospectively gated MRI frame showing reduction in motion-artifacts.
(g) Reference image with less motion artifacts. (Adopted from [18].)
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5 Residual motion artifact correction

5.2 MRI of the dormant insect: internal organ motion

The relative timescale of motion compared to the acquisition time is a major factor influ-
encing the severity of motion artifacts. So far, the attention has primarily focused on the
gross body motion during tethered locomotion. However, internal physiological organ
motion represents another important source of artifacts and should be addressed when
moving towards the goal of dynamic imaging. These motions span a wide range of spatial
and temporal scales, depending on the organ and physiological process of interest, and are
ubiquitous irrespective of overt behavior. The major contributors to these internal dynamics
are hemolymph circulation throughout the body cavity, peristaltic digestive movements
transporting food through the esophagus, crop, midgut, and hindgut, and tracheal compres-
sion associated with respiration. Under standard MRI acquisition settings, the cumulative
effect of these processes manifests as blurring and ghosting artifacts. MRI experiments can
be designed to explicitly probe the sensitivity to internal organ motion. While multiple
factors influence the severity of image-domain artifacts, acquisition time serves as a useful
aggregate measure, as it is intrinsically linked to several other MR parameters.

Tethered but dormant insect MRI follows the protocol described in the Animal handing
Section 4.4. Two-dimensional sagittal-plane (position referene Fig. 5.4(b)) MR images were
acquired using a RARE sequence with a TR of 500 ms and a TE of 5 ms. The images were
acquired with a matrix size of 256 X 256 over a FOV of 30 mm X 30 mm, yielding an in-plane
spatial resolution of 117 pm X 117 um. A slice thickness of 3 mm was used, with no signal
averaging and a RARE factor of four. A total of 20 repetitions were acquired to generate the
dynamic MRI frames, resulting in a total acquisition time of 640 s. The motion trajectory
of a selected keypoint within the digestive system is shown in Fig. 5.4(a), demonstrating
the periodic nature of internal organ motion, while Fig. 5.4(c)—(e) reveal distinct phases
of digestive system peristalsis. Although each frame required an acquisition time of 32s
for this particular MRI experiment, the dormant state of the insect featured relatively slow
internal organ motion, making the reconstruction less prone to motion artifacts. This is not
the case for an active insect, where both gross body motion and increased internal organ
dynamics lead to pronounced image blurring, as shown in Fig. 4.13(f) and (g).

Figure 5.5(c) shows the same sagittal slice and was based on identical MRI parameters,
except for a TR of 1000 ms and RARE factor of 4, resulting in an effective acquisition time of
64 s per frame. Here, the magnified image clearly shows motion artifacts caused by internal
organ movement, which can be compared to Figure 5.5(b), acquired over 32 s for the same
specimen and similar physiological state. This can be further validated with the following
MRI of the same sagittal section, based on a much faster acquisition. The same sequence
with much shorter TR of 75 ms, RARE factor of 10, and a partial Fourier acquisition of 160 k-
space lines with homodyne reconstruction (using Paravision 360v3.3) resulted in an effective
acquisition time of 1.2 s per frame. This relatively fast acquisition shows the corrugated
structure of the insect midgut displayed in Figure 5.5(a), which is associated with peristaltic
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Figure 5.4: Internal organ motion of a dormant insect. (a) Motion trajectory of the marked
keypoint on the insect’s digestive system estimated using the optical flow algorithm 1 (Time
axis shown at 5 real-time). (b) MRI sagittal slice reference position. (c) Internal organ
motion, phase 1. (d) Internal organ motion, phase 2. (e) Internal organ motion, phase 3.
(Adapted from [18].)
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Acquisition time 1.2 s Acquisition time 32 s Acquisition time 64 s

Figure 5.5: Effect of acquisition time on motion sensitivity in single-frame pMRI of the
dormant insect. (a) Short acquisition time of 1.2's captures the corrugated structure of
the midgut with minimal motion artifacts. (b) Intermediate acquisition time of 32 s shows
moderate motion artifacts. (c) Long acquisition time of 64 s results in pronounced motion
artifacts. (Adapted from [18].)

wave propagation along the tissue. In contrast, for slower acquisitions, the peristaltic motion
averages over time, causing the midgut to appear as a smooth, cylindrical structure devoid
of visible corrugation. The reduced signal intensity observed in the fast-acquisition images
is attributed to the short repetition time, which limits longitudinal magnetization recovery
between excitations and consequently lowers the overall signal.

In summary, while gating can compensate for gross body motion during tethered locomotion,
residual motion artifacts persist and are often challenging to model explicitly. Internal
physiological organ dynamics are a major contributor to these residual artifacts, with
their severity depending strongly on the acquisition timescale. The deep learning—based
correction described in the following sections addresses these limitations to achieve the
final refined image reconstruction.

5.3 Deep learning for residual motion correction

Although the true residual motion is non-rigid, its effects are often spatially localized and
can be approximated locally by simple translational and rotational perturbations. Motivated
by this observation, rigid-body motion simulations with dense sampling of plausible motion
parameters are used for network training. While this does not explicitly model non-rigid
dynamics, the convolutional nature of the U-Net [65]-derived network used here enables
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5.3 Deep learning for residual motion correction

it to learn local corrective mappings that can generalize to more complex residual motion
patterns.

A transfer learning-based approach was employed to train the model, addressing the data
scarcity challenges inherent to insect uMRI. The model was pre-trained on a larger brain
MRI dataset and subsequently fine-tuned end-to-end on the smaller insect uMRI dataset.
Details on the deep learning problem formulation and implementation are provided in the

following sections.

a.

U-Net

Pre-training

o

Fine-tuning

Figure 5.6: Transfer learning for residual motion artifact correction. (a) Pre-training the
model with the brain MRI dataset. (b) Fine-tuning the model with a mixed dataset of brain
and insect MRI images. (Adapted from [18].)

5.3.1 Datasets

Two ground truth motion-free datasets were employed for simulating motion-corrupted
images. The first dataset consisted of a publicly available T1-weighted adult human brain
MRI dataset [118], originally acquired using a 12-channel imaging coil. Coil sensitivity
maps were normalized to produce a single complex-valued image set with a matrix size of
256 X 256.

The second dataset was experimentally acquired and comprised sagittal MRI slices of inactive
insects. All insect imaging was performed on the previously described 15.2 T Bruker Biospin
MRI system with the 35 mm quadrature 'H RF coil. Images were acquired with a RARE
sequence using the following parameters: TR of 500 ms, TE of 5 ms, matrix size of 256 X 256,
and FOV of 30 mm x 30 mm, resulting in an in-plane resolution of 117 pm X 117 pm, slice
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thickness of 1 mm, and no signal averaging. A linear scaling factor of 1.2 was applied
to all insect MR magnitude images for visualization unless stated otherwise. Anatomical
reference image highlighting major structures are shown in Figure 3.10. Although the
same insect species (Pachnoda marginata) with similar external morphology was used
across experiments, subtle variations in internal anatomy occur between specimens due to
physiological differences and minor variations in acquisition parameters. These variations
contribute to a more diverse and robust dataset for training the deep learning model.

5.3.2 Motion artifact simulation

Supervised training of deep neural networks for MRI motion correction typically requires a
substantial dataset of motion-corrupted and motion-free MRI magnitude images [116, 35, 34].
This presents significant challenges, especially in the context of MRI for small invertebrate
organisms. Simulating bulk rigid-body motion artifacts from motion-free k-space and
image-space is an effective approach for generating training datasets, as commonly reported
in the clinical MRI motion correction literature [34].

In-plane rigid-body motion was assumed in combination with a single-coil, sequential
Cartesian k-space acquisition. Motion mostly happened between individual k-space line
acquisitions, known as inter-view motion. Motion during the acquisition of the individual
k-space lines over the period of the echo time were assumed to be negligible. According to
the Fourier shift theorem, bulk translation motion induces a phase shift in the corresponding
k-space line and by the Fourier rotation theorem, subject rotation results in correspond-
ing rotation of the k-space line itself, as discussed in Section 2.3.1. Translational motion
was simulated directly in k-space using phase modulation, as dictated by the Fourier shift
theorem. In contrast, rotational motion was simulated in the image domain, following the
methodology outlined in [119]. Implementing rotation directly in discretely sampled Carte-
sian k-space would require resampling onto a rotated, non-Cartesian grid and subsequent
reconstruction using gridding or non-uniform FFT (NUFFT), which is computationally com-
plex and prone to interpolation-induced artifacts. Image-space rotation therefore provides
a simpler and sufficiently accurate approximation for the small rotational perturbations
considered in this chapter.

The simulation pipeline was implemented in MATLAB (Mathworks Inc.), with the schematic
representation provided in Fig. 5.7. Figure 5.7(a) represents the motion-free MRI magnitude
image and the corresponding k-space magnitude. Figure 5.7(b) shows the k-space compila-
tion process, where the image was rotated to varying degrees and the corresponding k-space
was sampled, and similarly, the motion-free k-space was translated with a varying amount
and sampled for a motion corrupted k-space. Standard Cartesian Fourier reconstruction of
this compiled k-space gives the motion-corrupted MR image, shown in Fig. 5.7(c). Although
the schematic diagram shows the rotation and translation applied simultaneously for easier
representation, independent translation and rotations of the images are feasible and effective
for model training.
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a. b. C.

Motion-free MRI Image rotation k-space rotation & sampling
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Motion-corrupted MRI

FFT
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Motion-free k-space k-space translation & sampling  k-space compilation

Input Output

Figure 5.7: Schematic diagram showing motion artifact simulation pipeline. (a) Motion-free
MRI and k-space magnitude images. (b) k-space compilation based on image rotation and
k-space translation. (c) Reconstructed MRI magnitude image showing motion artifacts.
(Adapted from [18].)

The original brain MRI dataset [118] comprised 25 subjects, each with 256 X 256 X 170 slices.
To simulate motion artifacts, slices 11 to 160 were selected from each subject, resulting in
a total of 3750 image pairs. Out of these, 3,000 image pairs were selected for the training
set, and 400 image pairs were selected for the validation set. Translation motion artifacts
were simulated by applying pseudo-random motion magnitudes within the normalized
range [-1, 1], scaled by three distinct motion severity levels (1, 2, 3), to phase encode lines
[20:120, 145:220] of the 256 total phase encoding lines. This resulted in spatial domain
translations ranging from 1 to 10 pixels in both the X and Y directions. A separate rotational
motion dataset was generated using the first 10 subjects out of the same 25 subjects, yielding
1500 image pairs, which were divided into 1400 training and 100 validation sets. Rotation
magnitudes were pseudo-randomly selected between -1 and 1 pixel degrees applied to phase
encoding lines [80:120, 150:220] of the 256 lines. Final training set and validation set for
the pre-training of the model resulted in 4400 and 500 image pairs respectively, and sample
image-pairs are shown in Fig. 5.8. The motion artifact simulation of the small insect dataset
followed the same pipeline, resulting in a training dataset of 500 image pairs and a validation
dataset of 55 image pairs. Sample insect MRI motion-free and motion-corrupted image pairs
are shown in Fig. 5.9. Dataset distribution details are provided in Appendix C.
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Figure 5.8: Motion artifact simulation: brain MRI dataset. (a) Motion-free reference
(Example 1). (b) Corresponding image corrupted by simulated translation motion. (c)
Absolute difference between motion-free and motion-corrupted images, highlighting motion
artifacts. (d) Translation motion trajectory used for simulation. (e€) Motion-free reference
(Example 2). (f) Corresponding image corrupted by simulated rotational motion. (g)
Absolute difference between motion-free and motion-corrupted images. (h) Rotation motion
trajectory used for simulation.
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Figure 5.9: Motion artifact simulation: insect MRI dataset. (a) Motion-free reference
(Example 1). (b) Corresponding image corrupted by simulated translation motion. (c)
Absolute difference between motion-free and motion-corrupted images, highlighting motion
artifacts. (d) Translation motion trajectory used for simulation. (e) Motion-free reference
(Example 2). (f) Corresponding image corrupted by simulated rotational motion. (g)
Absolute difference between motion-free and motion-corrupted images. (h) Rotation motion
trajectory used for simulation.
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5.3.3 Deep learning model architecture and problem formulation

The general principles of the transfer learning paradigm in deep learning were introduced
in Section 2.4.2. Building upon this framework, motion artifact correction is formulated
here as a supervised image-to-image regression task.

Let x € X denote an MR magnitude image degraded by motion artifacts, and lety € Y
denote the corresponding motion-free reference image. The objective is to learn a parametric
mapping fp : X — Y, with trainable parameters 6, such that the network output § = fy(x)
provides an accurate approximation of the ground-truth image y. In this formulation, the
model implicitly learns to invert the artifact-generating process and restore structural and
intensity information that is degraded by motion.

Pretraining with brain MRI

Network pretraining was conducted using simulated motion-corrupted images derived from
a publicly available brain MRI dataset, paired with their corresponding motion-free reference
images. A U-Net-based convolutional neural network was trained in a supervised manner
by minimizing the mean squared error (MSE) loss between the predicted and reference
images,

-Lpretrain(e) = E(x,y)~1)brain [”fQ(x) - y”%] > (5'1)

where Dyin denotes the brain MRI training dataset.

Fine-tuning with brain and insect MRI

Following pretraining, the network was fine-tuned using a combined dataset Dgy,e consisting
of a subset of brain MRI data and a limited insect MRI dataset. Fine-tuning employed a
weighted loss function combining structural similarity (SSIM [120]) and MSE,

Line(0) =0.8 - (1—SSIM(y,9)) +0.2 - [| fo(x) — yll5. (5.2)

This composite loss encourages preservation of perceptual image structure while maintain-
ing pixel-wise fidelity.
Optimization

Model parameters @ were optimized using the Adam optimizer [121] by minimizing the
fine-tuning loss,

0" = arg mein Line(0). (5.3)

This optimization strategy enables adaptation of the pretrained network to the insect MRI
domain while retaining generalizable features learned from the brain MRI data.

The deep learning model employed was based on a modified version of the standard U-Net
architecture [65], originally developed for biomedical image segmentation. The network
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follows an encoder—decoder structure with skip connections, enabling the simultaneous
capture of local spatial details and global contextual information. The encoder consisted of
five hierarchical levels with feature channel sizes of [16, 32, 64, 128, 256], operating on a
single-channel input image of size 256 X 256. Each encoder level comprised a DoubleConv
block with two 3 X 3 convolutional layers, each followed by batch normalization and ReLU
activation. Spatial downsampling was performed using 2 X 2 max-pooling operations,
progressively reducing spatial resolution while increasing feature dimensionality.

The bottleneck stage consisted of two convolutional layers with 512 feature channels to
extract high-level feature representations. The decoder mirrored the encoder structure,
employing 2 X 2 transposed convolutions with stride 2 for upsampling, followed by Double-
Conv blocks for feature refinement. Skip connections from the corresponding encoder levels
were incorporated to preserve spatial information and improve reconstruction fidelity. The
final output layer used a 1 X 1 convolution to map the decoded features to a single-channel
motion-corrected MR magnitude image of size 256 X 256. The schematic of the architecture
used is provided in Fig. 5.10.

[1, 16, 16] [32, 16, 16, 1]
Input: Output:
Motion-corrupted [MRI| | » & #» » | Motion-free |[MRI|
256X256 256X256
l 32 32 64 32
> > H > >
—» Conv 3x3, BN, ReLU l 64 64 128 64 |
Concatenate BN BN
— Max-pool 2x2
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oy Bl
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Figure 5.10: Schematic of the U-Net [65]-based deep learning architecture used for image-
domain motion artifact correction.

5.3.4 Model training and evaluation

For model pre-training, brain MRI dataset comprising simulated motion-corrupted and
motion-free image pairs was used, with a training—validation split of 4400 and 500 images,
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respectively. Image preprocessing and data augmentation included intensity normalization,
random rotations, and horizontal and vertical flipping to improve model robustness and
generalization. Model training was formulated as a pixel-wise image-to-image regression
task using the MSE loss function, with a mini-batch size of 12. Optimization was performed
using the Adam optimizer [121] with an initial learning rate of 1 x 10~*. Early stopping
was applied when the validation loss did not improve by more than A = 1 X 107 for 20
consecutive epochs. Upon convergence, the learning rate was reduced to 1 x 10>, and
training was completed after 72 epochs. All hyperparameters were selected empirically
based on validation performance.

For model fine-tuning, a mixed dataset was employed consisting of 500 brain MRI image
pairs (a subset of the pre-training dataset) and 500 insect MRI image pairs for training,
along with a validation set of 80 image pairs (25 brain and 55 insect MRI). End-to-end
fine-tuning was performed while retaining all training parameters from the pre-training
stage, with the exception that the number of training epochs was limited to 30 to mitigate
overfitting. A combined loss function incorporating MSE and structural similarity index
measure (SSIM) [120] was used, with empirical weighting of 0.2 and 0.8, respectively, to
balance pixel-wise fidelity and perceptual image quality, particularly for the small insect
dataset. Model performance was subsequently evaluated using both simulated motion-
corrupted images and real experimentally acquired motion-corrupted images, as presented
in the following sections.

Hardware specifications:

All deep learning experiments were conducted on a workstation equipped with an NVIDIA
RTX A5000 GPU featuring 24 GB of dedicated memory with CUDA support, along with 256
GB of system RAM. Model development and training were performed using Spyder 5.4.3
integrated development environment, Python 3.9.17, and the PyTorch framework [122],
running on the Windows 10 operating system (Microsoft, 2019).

5.3.5 Image quality metrics

In MRI motion correction and related artifact reduction literature, image quality evaluation
has traditionally relied on quantitative metrics such as SNR, contrast-to-noise ratio (CNR),
MSE, and peak signal-to-noise ratio (PSNR). These measures quantify noise characteristics,
contrast preservation, and voxel-wise intensity differences, and have been widely used
in conventional reconstruction and artifact reduction studies. However, voxel-wise error
metrics are highly sensitive to small spatial misalignments and smooth intensity variations,
and therefore often correlate poorly with perceived anatomical fidelity, particularly in the
presence of motion-induced structural distortions [123].

In clinical MR, residual motion, geometric distortions, and bias-field variations frequently
introduce sub-voxel shifts and intensity modulations that may have a limited impact on
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diagnostic interpretability but can produce large errors in MSE- or RMSE-based evaluations.
As a result, these metrics may over-penalize reconstructions that preserve anatomical
structures while underrepresenting perceptually relevant degradations such as blurring. All
of these are largely true for the case of preclinical small animal MRI and pMRI as well.

To overcome the limitations of voxel-wise error metrics, structure-aware and perception-
based measures, most notably the SSIM [120] and related variants, have become standard
in modern MRI reconstruction and motion correction research. These metrics evaluate
local luminance, contrast, and structural consistency, and therefore align more closely with
radiological assessment than pure pixel-wise differences.

In addition, MRI motion correction scenarios do not always provide a perfectly aligned
motion-free reference image, particularly for the case of in vivo uMRI settings. This motivates
the inclusion of complementary reference-free image quality measures that can assess
structural sharpness and artifact levels directly from the reconstructed image. Accordingly,
this thesis employs two structure-aware image quality metrics, SSIM and gradient entropy
(GE), to quantitatively assess improvements following residual motion correction. SSIM
captures structural similarity relative to a reference, while GE provides a reference-free
assessment sensitive to edge preservation and motion-induced blurring. The formulation
and implementation details of these metrics are described in the following sections.

5.3.5.1 Structural Similarity Index Measure (SSIM)

The SSIM [120] is a full-reference perceptual metric that evaluates image similarity by
comparing luminance, contrast, and structural details between a reconstructed image and a
reference. SSIM produces a score between —1 and 1, where 1 indicates perfect similarity, 0
indicates no similarity, and —1 indicates perfect dissimilarity. It has been shown to correlate
well with human visual perception. Mathematically, SSIM is defined as

_ (zllx/ly + Cl)(zaxy +Cy)
(12 + 5+ C1) (02 + 0f +Cy)’

SSIM(x, ) (5.4)

where x and y denote the reference and reconstructed MRI images, respectively; p, and
}y are their mean intensities; 0')% and 0'5 are the corresponding variances; and oy, is the
covariance between x and y. The constants C; and C;, stabilize the metric in regions of low
intensity or contrast.

5.3.5.2 Gradient Entropy (GE)

GE is a reference-free metric that quantifies the randomness of image gradients, providing an
estimate of edge richness and structural definition. GE is particularly useful for evaluating
motion correction in experimental MRI data, where a motion-free reference may not be
available. It is defined as,

GE = - Z P(gi) log P(gy), (5.5)
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where g; represents the gradient magnitude values, and P(g;) denotes the normalized
probability distribution. The gradient magnitudes are computed as,

|VI| = \JIZ + I, (5.6)

with I, and I, being the image gradients in the horizontal and vertical directions, respectively.
These are calculated by convolving the image with Sobel or equivalent edge-detection filters.
Lower GE values correspond to more structured edges and higher image quality in the
context of MRI motion correction [124, 125]. SSIM and GE were computed using custom
Python scripts with OpenCV [81] v4.10.0, scikit-image [126] v0.21.0, and SciPy [127] v1.11.1.

5.3.6 Motion correction on simulated data

The deep learning model, fine-tuned using the small insect dataset, was used to correct
simulated motion artifacts in a test dataset comprising 100 insect MRI images. Figure 5.11(a)
presents a representative motion-corrupted image, while the corresponding motion cor-
rected output from the model is shown in Fig. 5.11(b). For reference, the ground truth
motion-free image is displayed in Fig. 5.11(c). For all cases, the rightmost panel shows the
absolute difference map with respect to the motion-free reference image.

The effectiveness of the correction across the dataset is summarized in Fig. 5.12(a), which
shows the histogram of SSIM values before and after correction. The mean SSIM improved
from 0.668+0.080 (uncorrected) to 0.847+0.055 (corrected), indicating a substantial reduction
in motion artifacts. Further validation using the GE metric is presented in Figure 5.12(b),
where the mean reduced from 2.985+0.190 before correction to 2.231+0.143 after correction,
confirming the enhanced image quality achieved by the model.

5.3.7 Motion correction on experimental data

The performance of the fine-tuned model described in Section 5.3.6 was evaluated on exper-
imental MRI data containing real motion artifacts. Figure 5.13(a) shows a retrospectively
gated MR image frame, providing the initial motion compensation as described in Sec-
tion 5.1.1, with a corresponding GE value of 3.154. Residual motion artifacts remain evident
in this reconstruction, which were subsequently addressed using the deep learning—based
correction. The corresponding motion-corrected image is shown in Fig. 5.13(b), where the
GE decreased to 2.381, indicating a clear reduction in residual distortions.

The severity of motion artifacts was directly related to the activity level of the insect during
k-space acquisition. For cases with pronounced multi-rigid motion, involving substantial
abdominal movements, initial compensation via retrospectively gated reconstruction was
required, as shown in Fig. 5.13(a). Additionally, less severe motion-corrupted images, as
shown in Fig. 5.13(c) could also be directly corrected using the same deep learning model,
which is shown in Fig. 5.13(d), with the GE reduced from 3.280 to 2.143, demonstrating
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Grad. Entropy: 3.035
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Motion-free reference

Figure 5.11: Deep learning motion correction on simulated dataset. (a) Simulated motion-
corrupted test image, magnified view, absolute difference with the reference. (b) Motion-
corrected image with the fine-tuned model, magnified view, absolute difference with the
reference. (c) Motion-free reference for comparison, magnified view, absolute difference
with the reference. (Adapted from [18].)
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Figure 5.12: Quantitative evaluation of deep learning motion correction on simulated
dataset. (a) Histogram of SSIM values for test images before and after correction. (b)
Histogram of GE values for test images before and after correction. (Adapted from [18].)

effective artifact mitigation even without prior gating. Figure 5.13(e) summarizes the
performance across the dataset, presenting a bar graph of gradient entropy values before and
after deep learning correction for both gated and non-gated MR reconstructions, highlighting
the consistent improvement in image quality achieved by the model.

5.4 Discussion and conclusion

External motion tracking and subsequent gating primarily handle gross multi-rigid-body
motion; fine-scale non-rigid dynamics of the insect abdomen and internal organ motion
frequently introduce residual artifacts. Deep learning—based correction substantially reduces
these residuals, highlighting the benefit of combining classical gating with learned image-
domain approaches. While the current pipeline is effective for the presented problem, it is
not yet a universal solution for the full spectrum of complex motion dynamics arising in
tethered insect locomotion. In principle, an end-to-end deep learning model could capture
fully non-rigid dynamics, but its effectiveness depends on accurate modeling of insect
locomotion for the generation of supervised training datasets.

It has been shown that the transfer learning-based framework can address the data scarcity
challenges of motion-correction in uMRI, and the applicability can be readily extended to
other related problems, such as correcting various imaging artifacts or performing image
denoising. While the fine-tuning presented in this chapter focused on a single species
(Pachnoda marginata), the methodology is inherently adaptable across multiple species,
offering a generalizable approach for mitigating motion artifacts in behaving animals.

Retrospective gating offers a distinct advantage over prospective gating by reducing the
impact of measurement uncertainties and system latencies on the reconstructed image.
Unlike prospective approaches, which require precise triggering for every k-space line,
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Figure 5.13: Deep learning (DL) motion correction on experimental dataset. (a) Retro-
spectively gated image with residual motion artifacts. (b) DL motion-corrected image. (c)
Non-gated image with less severe motion artifacts. (d) DL motion-corrected image. (e) Bar
graph of GE values before and after DL correction. (Adapted from [18].)
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retrospective gating continuously acquires data and assigns motion states during post-
processing. Because multiple frames can be recovered subject to the motion dynamics, the
effective temporal resolution is, in principle, superior to that of prospective gating. However,
the method has inherent limitations. It requires oversampling of k-space to capture sufficient
data across all motion states, which increases total acquisition time. Furthermore, binning k-
space lines into discrete motion phases can create gaps that require interpolation, potentially
introducing additional artifacts. The resulting temporal resolution is also highly dependent
on the specimen’s dynamics, often producing snapshots at selected motion states rather
than truly continuous dynamic imaging. This reduces its suitability for studying rapid or
continuously evolving behavioral motion.

These limitations motivate the development of a continuous uMRI acquisition framework,
which is introduced in the following chapter as a more general approach for imaging

tethered locomotion.
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The contents of this chapter are based on the author’s contributions to the article “In situ
time-resolved motion of a tethered Pachnoda marginata, Al-correlated using uMRI and
optical imaging”, published in Journal of Magnetic Resonance (2026) [19].

The in situ treadmill platform and the methodologies developed in the previous chapters
represent progressive steps toward the broader objective of enabling MRI of the behaving
organism within a uMRI framework. Prospective gating provided controlled, phase-specific
“snapshot” imaging of distinct motion states, offering initial access to anatomical structure
under defined locomotor conditions. However, establishing meaningful links between
spontaneous behavior, or more broadly, the animal’s natural state, and its internal anatomy
or physiology ultimately requires truly continuous dynamic imaging. This led to the
adoption of retrospective gating, which in principle can capture a broader spectrum of
motion states (or abdominal strides) in the tethered insect locomotion in a single experiment.
By retrospectively sorting continuously acquired data and incorporating deep learning—
based residual correction, this approach refined the quality of the reconstructed images,
thereby improving the robustness to motion inconsistencies.

Nevertheless, a fundamental limitation remained: insect locomotion is often irregular or
semi-periodic, and fundamentally non-rigid. Conventional gating-based MRI methods
depend on motion periodicity, and distribute data across motion bins, inherently limiting
temporal resolution and obscuring transient events. As a result, they struggle to faithfully
represent continuous body dynamics during naturalistic behavior. Fast dynamic MRI
techniques offer a promising alternative, as demonstrated in various preclinical and clinical
applications [110, 111]. Advances in acquisition hardware and reconstruction algorithms
have enabled real-time imaging of rapid physiological processes, making dynamic MRI
increasingly suitable for studies requiring both high spatial and temporal resolution [112,
128, 129]. In this chapter, the feasibility of accelerating dynamic 2D pMRI within the
constraints of the quadrature transceiver coil (no multi-channel sensitivity encoding) in a
tethered, active insect is investigated, with the specific goal of visualizing abdominal stride
patterns associated with locomotion.

Deep learning (DL)-based methods have emerged as state-of-the-art solutions for accel-
erated MRI, spanning the pipeline from acquisition design to image reconstruction [130,
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131]. Among the many proposed architectures, U-Net [65]-derived supervised image-to-
image translation networks remain strong and widely adopted baselines for undersampled
reconstruction. However, data scarcity remains a persistent challenge when considering
the adoption of supervised deep learning methods for various problems in MRI and even
more so in pMRI, as discussed in the previous chapter. However, transfer learning-based
frameworks have proven effective in this context, specifically for the case of residual motion
correction. This chapter extends that approach to the problem of undersampled dynamic
MRI reconstruction.

The degree of undersampling, and consequently the achievable acceleration in dynamic MRI,
is tightly coupled to the desired spatiotemporal resolution. Excessive undersampling can
degrade reconstruction quality, particularly when deep learning is applied only as a post-hoc
artifact correction step. k-space interpolation techniques such as view-sharing (VS) can
partially mitigate this limitation by leveraging information from neighboring acquisitions,
thereby improving the apparent temporal resolution in rapid imaging applications [21, 132].
However, aggressive view-sharing can introduce temporal blurring and motion-related
artifacts when inconsistencies arise with the true underlying dynamics. To address this
limitation, a hybrid reconstruction framework is proposed in which view-sharing first
augments the undersampled data to increase effective data density per frame, followed by a
deep learning-based refinement step to correct residual artifacts and improve fidelity of
the dynamic images. This enhances the temporal resolution necessary for in vivo uMRI
characterization of abdominal pitching motion in tethered Pachnoda marginata.

In parallel], the integrated MR-compatible computer vision system (see Section 4.3 and
Section 2.3.4) enables real-time capture of tethered locomotion dynamics and can be directly
synchronized with time-resolved pMRI frames. This multimodal acquisition framework
facilitates direct correlation between pMRI and optical imaging measurements, and provides
a foundation for future investigations into the behavioral and biomechanical mechanisms
underlying tethered locomotion.

6.1 Deep learning for MRI acceleration

Fast imaging in MRI is fundamentally constrained by the physics of magnetic resonance
signal generation and spatial encoding. The phase encoding step is typically the most time-
consuming component in sequential MRI acquisitions, as each phase-encoding step requires
a separate repetition of the pulse sequence. Consequently, most MRI acceleration techniques
focus on improving sampling efficiency by reducing the number of phase-encoding steps,
for shortening the total acquisition time. This raises a central question in accelerated
imaging: how much k-space information can be omitted while still preserving a faithful
representation of the underlying anatomy. This trade-off defines the limits of undersampled
MRI acquisition.
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For the simplest case of single-coil Cartesian sampled MRI, image reconstruction is com-
monly performed using a direct inverse Fourier transform. However, when k-space is
undersampled, this reconstruction becomes an ill-posed problem, leading to characteristic
artifacts such as blurring or aliasing in the reconstructed images. The severity of these
artifacts increases with higher acceleration factors and limits the achievable imaging speed
with conventional reconstruction frameworks.

Deep learning-based approaches have emerged as an effective strategy for addressing under-
sampling artifacts in MRIL. As reviewed extensively in the literature [130, 131], this problem
can be formulated in several ways. One approach treats undersampled reconstruction as a
direct inverse problem, in which a neural network learns a mapping from undersampled
k-space to artifact-free images. A complementary and widely adopted strategy formulates
the task as an image-to-image regression problem, where the network learns to transform an
artifact-corrupted image into a clean reference image, effectively acting as a post-processing
step. The method developed in this chapter follows the latter approach, leveraging deep
learning-based image-domain correction to mitigate undersampling artifacts in acceler-
ated MRI. Methodologically, this framework closely parallels the residual motion artifact
correction strategy introduced in Chapter 5.

As encountered previously, the limited availability of insect uMRI data poses a significant
challenge for training deep learning models. Transfer learning therefore provides a practical
and effective solution (Section 2.12). Pretraining on brain MRI datasets, which exhibit
rich morphological diversity and high contrast, enables the network to learn generalizable
representations of undersampling-related artifacts. These learned features can subsequently
be refined through fine-tuning on insect uMRI data, allowing adaptation to the distinct
anatomical and textural characteristics of insect imaging. In all cases, undersampling
effects must be synthetically introduced to generate paired datasets for the model training,
validation, and testing. This simulation strategy for the dataset generation is detailed in the
following sections.

6.1.1 MRI undersampling simulation

k-space-based simulations were used to generate undersampled MRI data for model training.
The ground truth dataset used to generate the paired training images was drawn from a
subset of the insect and brain MRI datasets [118] described in Section 5.3.1 of Chapter 5,
consisting of 3,750 brain MRI slices and 200 inactive insect uMRI slices.

For the brain dataset, the 3,750 fully sampled MR images of size 256 x 256 pixels served
as ground truth. Each image was undersampled once using an independent variable-
density mask, producing a total of 3,750 paired undersampled and fully sampled images.
Undersampling was applied along the phase-encoding direction, with the central 15 k-
space lines fully sampled and the peripheral lines randomly sampled with variable density,
resulting in an overall sampling rate of approximately 13-33%.

107



6 Time resolved uMRI

Fully-sampled MRI Fully-sampled k-space

Undersampling mask

Zero-filled MRI Undersampled k-space

Figure 6.1: Schematic representation of single coil variable density Cartesian undersampling
MRI simulation. (a) Fully-sampled MRI. (b) Fully-sampled k-space. (¢) Undersampling mask.
(d) Undersampled k-space. (e) Zero-filling (ZF) MRI reconstruction. (Adapted from [19].)

For the insect dataset, 200 fully sampled MR images of size 256 X 256 pixels served as ground
truth. Each image was undersampled multiple times using independent masks, producing a
total of 500 paired undersampled and fully sampled images. In each k-space, the central 24
phase-encode lines were fully sampled, while the peripheral lines were undersampled with
random variable-density pattern, resulting in an overall sampling fraction of 20-50%. The
difference in central k-space sampling between the brain and insect datasets reflects the SNR
and feature content: brain MRI has higher SNR and more structural detail, allowing fewer
fully sampled lines, whereas the puMRI insect data requires more central lines to preserve
essential information. The full pipeline is illustrated in Fig. 6.1: (a) fully sampled magnitude
image, (b) corresponding k-space magnitude, (c) undersampling mask, (d) undersampled
k-space magnitude, and (e) zero-filled Fourier reconstruction magnitude image.

For model evaluation, a simulated insect test set consisting of 150 image pairs was retro-
spectively undersampled at effective acceleration factors of R = 2X, 3%, and 5X. In all cases,
additive complex Gaussian noise, scaled relative to the signal intensity, was applied to the
fully sampled k-space prior undersampling to simulate realistic measurement conditions and
enhance model robustness. This is particularly important because undersampling inherently
reduces the SNR, resulting in noisier reconstructions.

6.1.2 Deep learning model training

The transfer learning-based training strategy (see Section 2.4.2 and Fig. 5.6) follows the
supervised image-to-image regression framework described in Section 5.3.3. The same
U-Net [65]-derived architecture, loss functions, quantitative image evaluation metrics,
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and system setup are used without modification. Paired undersampled and fully sampled
images served as input and target, respectively. The primary difference lies in the training
parameters, which are summarized below.

For pre-training, the model was trained on the brain MRI dataset consisting of paired
undersampled and fully sampled images, using a 3,000/750 training—validation split. Images
were intensity-normalized and augmented through rotations and flips to enhance robustness.
Training was formulated as a pixel-wise regression task using mean squared error (MSE)
loss, with a batch size of 12 and the Adam optimizer [121] initialized with a learning rate of
1 x 10, Early stopping with a patience of 20 epochs (A = 1 x 10™*) was applied, and the
learning rate was gradually reduced to 1 X 1073 when the validation loss plateaued around
epoch 303. The model architecture and all the reported hyperparameters were determined
empirically through experimentation.

For end-to-end fine-tuning, training was performed on a mixed dataset comprising 500
brain MR image pairs (a subset of the pre-training dataset) and 500 insect MR image pairs,
using an 800/200 training—validation split. All training hyperparameters were maintained as
in pre-training, except for a reduced learning rate of 1x 107 and a maximum of 15 epochs to
mitigate overfitting. A combined MSE-SSIM loss function (0.2:0.8) was employed to balance
pixel-level accuracy with perceptual image quality. Model performance was subsequently
evaluated on both simulated and experimentally acquired undersampled images in the
following sections.

6.1.3 Model evaluation on simulated data

The fine-tuned model was evaluated on a set of 150 simulated undersampled insect MR
images at acceleration factors of 2X, 3%, and 5X, using the structural similarity index
measure (SSIM) and gradient entropy (GE) as quantitative metrics. Ground truth k-space
data were retrospectively undersampled following the procedure described in Section 6.1.1.
ZF reconstructions for the respective acceleration factors are shown in Fig. 6.2(a—c), with
the corresponding DL corrections displayed in Fig. 6.2(e—g). The fully sampled ground truth
image is presented in Fig. 6.2(d). Quantitative image quality metrics are summarized in
Table 6.1 and visualized as bar graphs in Fig. 6.3(a) and (b).

Variable-density undersampling primarily introduced blurring artifacts, which were consis-
tently reduced by the deep learning correction across all evaluated acceleration factors. At
higher acceleration rates, the reconstructions became progressively smoother, likely due to
over-regularization by the network. This behavior is consistent with the limited information
content inherent to single-coil (non-parallel imaging configuration) acquisitions, where
aggressive undersampling restricts the recoverable spatial detail. Based on this trade-off
between artifact suppression and spatial fidelity, an acceleration factor of 2.5x was selected
for the experimental acquisitions described in the following sections.
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Figure 6.2: DL correction of undersampling artifacts for the simulated dataset (n = 150).
(a—c) ZF reconstructions at 2%, 3%, and 5X acceleration, respectively. (d) Fully sampled
ground truth image. (e—g) DL-corrected reconstructions for 2x, 3x, and 5x acceleration.
(Adapted from [19].)

Acceleration GE SSIM
ZF DL ZF DL
2X 3.230 £ 0.051 2.154 £ 0.086 0.6461 £ 0.0709 0.7585 + 0.0707
3X 3.453 £ 0.070 2.191 £ 0.095 0.5846 + 0.0808 0.7447 + 0.0699
5% 3.594 + 0.087 2.284 + 0.110 0.5361 + 0.0853 0.7184 + 0.0802

Table 6.1: GE and SSIM values for ZF and DL-corrected reconstructions of the simulated
dataset at different acceleration factors (mean + SD, n = 150).

110



6.2 Retrospective view-sharing for dynamic MRI
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Figure 6.3: Quantitative assessment of deep learning-based undersampling artifact correc-
tion across different acceleration factors. (a) Mean GE. (b) Mean SSIM. (Adapted from [19].)

6.2 Retrospective view-sharing for dynamic MRI

The experimental setup used throughout this thesis employs a quadrature transceiver coil
(no multi-channel sensitivity encoding) configuration, which is typical in preclinical small
animal MRI systems. Even with the incorporation of learned priors via the deep learning
model, the fundamental Nyquist sampling constraint limits the degree of acceleration
achievable in this setting. In contrast, clinical MRI systems benefit from parallel array
coils with sensitivity encoding, which both improve SNR and enable higher acceleration
factors using either classical or deep learning-based reconstruction methods. In essence,
the achievable acceleration is dictated by the information content of k-space.

Classical interpolation methods can also effectively increase the apparent data density per
frame in dynamic MRI k-space. One such technique is view-sharing, which reconstructs
missing k-space lines by incorporating information from neighboring temporal frames.
View-sharing is commonly combined with undersampling strategies to reduce scan time [21,
132, 133], thereby enhancing the effective temporal resolution in dynamic imaging. This
approach has proven particularly valuable in applications where rapid acquisition is critical,
such as cardiac imaging and contrast-enhanced studies [134, 135].

However, aggressive view-sharing expands the temporal footprint of each frame by incor-
porating k-space data from distant time points. When subject motion is faster than the
sharing window, these temporal inconsistencies manifest as blurring and motion-related
artifacts in the final reconstruction. Integrating compressed sensing (CS) reconstruction
with view-sharing has been shown to reduce the temporal footprint and associated blurring.
Restricting view-sharing to a small region of k-space, typically the most recent neighboring
lines and reconstructing the remaining undersampled data with CS shortens the effective

111



6 Time resolved uMRI

temporal footprint without compromising image quality [136, 137]. Here, this concept is
extended by replacing the CS reconstruction with a deep learning module, enabling rapid
reconstruction with improved artifact suppression. The implementation details of this
framework are described in the following sections.

6.2.1 k-space undersampling and view-sharing: implementation

Cartesian undersampling (non-parallel imaging configuration) was employed to acquire
single-slice 2D sagittal MRI temporal frames. The k-space sampling strategy followed
the schematic shown in Fig. 6.4. For each 200 X 200 k-space frame, the central 60 phase-
encode lines were fully sampled to capture low-frequency information, complemented by
20 peripheral phase-encode lines randomly selected, with each of the 7 consecutive frames
having a unique peripheral sampling pattern. This variable-density random sampling
scheme, with a fully sampled k-space center, favors retention of low-frequency content
such that undersampling artifacts predominantly manifest as blurring rather than aliasing.

a. b C.

" Peripheral view-sharing

k-space n-1 k-space n k-space n+1

FFT

Acquisition scheme/frame

Outer k-space :  =x=====:
random undersampling

Central k-space : sssssss:
fully-sampled

VS reconstruction DL correction

Figure 6.4: Schematic representation of retrospective view-sharing with DL-corrected
reconstruction. (a) Previous k-space. (b) Current k-space. (c) Next k-space. (d) View-shared
MRI. (e) DL-corrected MRI. (Adapted from [19].)

A RARE sequence available in Paravision 360v3 was modified to support acquisition with

a custom phase-encoding table for each frame. Acquisition parameters were as follows:
TR = 150 ms, TE = 5ms, RARE factor = 10, FOV = 30 mm X 30 mm, undersampled matrix
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size = 80 X 200, in-plane spatial resolution = 150 um X 150 pm, slice thickness = 0.7 mm,
140 repetitions, no signal averaging, and an acquisition time of 1.2 s per frame. The total
acquisition time was 168 s, corresponding to an effective acceleration factor of R = 2.5.
The sequence parameters and undersampling design were selected to favor better spatial
resolution and temporal efficiency for depicting internal morphology, rather than optimizing
for conventional tissue contrast. The resulting atypical contrast is adequate for resolving
the structural features examined in this chapter.

Retrospective view-sharing was implemented by incorporating peripheral k-space lines
from the two frames preceding and the two frames following each target frame (i.e., frames
n — 2 through n + 2) to increase the effective data density per frame (Fig. 6.4(a—c) shows the
case for n — 1 and n + 1). The resulting k-space was then processed using the discrete fast
Fourier transform to produce the reconstructed MR images (Fig. 6.4(d)). The view-sharing re-
construction has been implemented using custom MATLAB (MathWorks, Natick, MA, USA,
R2024b) scripts. The resulting reconstructions contained undersampling artifacts, which
were subsequently corrected using the deep learning model as a downstream processing
step (Fig. 6.4(e)).

6.2.2 Dynamic MRI: view-sharing with deep learning correction

The processing pipeline begins with undersampled k-space acquisition of a single 2D slice
over 140 repetitions, producing dynamic image frames with an effective acquisition time of
1.2's per frame, as described in Section 6.2.1. The k-space magnitude of a representative
frame is shown in Fig. 6.5(a). The corresponding ZF reconstruction is presented in Fig. 6.5(b),
followed by the DL-corrected ZF reconstruction in Fig. 6.5(c). For comparison, the view-
shared k-space magnitude of the same frame is shown in Fig. 6.5(f), with its ZF reconstruction
in Fig. 6.5(g) and the corresponding DL-corrected VS reconstruction in Fig. 6.5(h). The
intensity—time profiles corresponding to the 140 frames for each of the above cases (i.e.,
Fig. 6.5(b), (c), (g), and (h)) are shown in Fig. 6.5(d), (e), (i), and (j), respectively.

Dynamic 2D RARE images were acquired with a repetition time of 150 ms. The relatively
short repetition time limits full longitudinal magnetization recovery between successive
excitations, leading to frame-to-frame signal intensity fluctuations, as observed in Fig. 6.5(d)
and (e). Temporal smoothing introduced by the view-sharing step reduces these intensity
oscillations (Fig. 6.5(i)), while subsequent DL-based correction restores spatial sharpness
and structural detail, as evident in Fig. 6.5(j).

As ground-truth dynamic images are not available, reconstruction quality is evaluated using
the GE metric, which is a reference-free measure. Lower GE values indicate better MR
image quality. The GE values for the sample frames are provided directly in the figures.
As expected, the VS reconstruction exhibits lower GE than the ZF reconstruction, and
the DL correction further reduces GE for both cases. Although the added peripheral k-
space lines improve spatial resolution, their lower SNR introduces additional noise into
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Figure 6.5: DL-based correction of undersampling artifacts following VS reconstruction
(n = 140 dynamic MR images). (a) Undersampled k-space. (b)ZF reconstruction. (c)
DL-corrected ZF reconstruction. (d) Image-time profile along the blue line in (b) for ZF
reconstruction. (e) Corresponding image—time profile for the DL-corrected reconstruction.
(f) VS k-space. (g) VS reconstruction. (h) DL-corrected VS reconstruction. (i) Image—time
profile for the VS reconstruction. (j) Corresponding image—-time profile for the DL-corrected
VS reconstruction. (Adapted from [19].)
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the reconstruction. The DL model effectively suppresses this noise while preserving the
resolution gain.

Figure 6.6(a) shows the GE distribution, computed using kernel density estimation (KDE),
for ZF reconstructions and their DL-corrected counterparts, where DL correction reduces
mean GE from 3.384 + 0.214 to 2.421 + 0.199. Similarly, Fig. 6.6(b) shows the GE distribution
for VS reconstructions before and after DL correction, with mean GE improving from
3.221 £ 0.092 to 2.228 + 0.055. Notably, VS reconstructions exhibit lower GE than ZF even
prior to DL correction, and the combination of VS and DL correction yields the lowest GE
overall, demonstrating improved image quality.

a. GE distribution: ZF vs DL correction b. GE distribution: VS vs DL correction
2.00 ZF reconstruction GE: 3.384 +0.214 VS reconstruction GE: 3.221 + 0.092
DL correction GE: 2.421 £0.199 DL correction GE: 2.228 + 0.055
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Figure 6.6: Comparison of GE distributions. (a) GE distribution for ZF and DL-corrected
reconstructions. (b) GE distribution for VS and DL-corrected reconstructions. (Adapted
from [19].)

6.2.3 Correlated dynamic puMRI and optical imaging

The integrated MR-compatible camera system described in Section 4.3 provides real-time
optical images of external morphology, temporally synchronized with DL-corrected dynamic
UMRI frames depicting internal anatomy (see Fig. 6.7). Dynamic MRI acquisition parameters
are provided in Section 6.2.1. Intensity-time profiles along a selected line are shown for both
modalities in Fig. 6.7(a) and (b). Representative frames illustrating different stride phases
of the insect’s abdominal pitching during tethered locomotion, with corresponding frame
indices (n = 140) and times relative to the first displayed frame, are shown in Fig. 6.7(c) and
(d). Due to behavioral variability, gross abdominal movements are intermittent, whereas
internal organ motion dominates the dynamic sequence. Observed instances of gross
abdominal motion are indicated in Fig. 6.7(a) and (b).

This demonstrates that pMRI can resolve distinct abdominal pitching dynamics in a live,
tethered insect. The internal morphological dynamics revealed by MRI can be directly
correlated with external abdominal movements captured by the integrated optical imaging
system. This multimodal framework enables non-invasive, simultaneous visualization of
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internal and external abdominal kinematics during locomotion, providing access to dynamic
information that is not attainable with conventional optical imaging alone.

Pixel index

Pixel index

Time (s)

Frame: 12 Frame: 17 Frame: 18 Frame: 19
O0s 6s 7.2s 8.4s

Figure 6.7: Dynamic in vivo correlated uMRI and optical imaging of the in situ behaving
insect. (a) Intensity-time profile extracted from the dynamic optical image sequence
(n = 140). (b) Intensity—time profile extracted from the dynamic uMRI sequence (n = 140).
Representative dynamic frames illustrating different stride phases of the insect’s abdominal
pitching during tethered locomotion, with corresponding frame indices and times (relative
to the first displayed frame): (c) Optical image frames. (d) uMRI frames (green line: reference
position). (Adopted from [19].)

6.3 Discussion and conclusion

Dynamic and real-time MRI are typically performed using gradient recalled echo (GRE) or
echo planar imaging (EPI)-based sequences, often combined with advanced non-Cartesian
trajectories. In this chapter, however, the RARE (or Fast Spin-Echo) sequence was used
to overcome the low SNR and severe susceptibility artifacts introduced by the beetle’s
dense chitinous exoskeleton and internal air pockets, which are limitations commonly
encountered in many invertebrate models at high-field uMRI [13, 12], which has been
discussed in Section 3.3.2. The spin-echo refocusing train in RARE provides intrinsically
high SNR and robust suppression of signal loss and geometric distortion arising from steep
susceptibility gradients at exoskeleton-tissue interfaces, whereas GRE-based non-Cartesian
methods such as spiral and radial imaging are generally more prone to T, -related dephasing
and off-resonance blurring or distortion under these conditions.

View-sharing was incorporated as a preprocessing step to enhance the apparent information
content of the undersampled k-space, thereby improving the subsequent deep learning
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correction and the effective temporal fidelity of the reconstructed dynamic images. Here,
the motion model evolves slowly enough that minor view-sharing artifacts can be neglected,
and the deep learning model focuses solely on mitigating undersampling artifacts. While
aggressive view-sharing may lead to temporal blurring, explicitly modeling it within the
deep learning framework can further improve artifact correction and the fidelity of the
reconstructed images.

In principle, end-to-end deep learning—based MRI reconstruction models are capable of
implicitly learning temporal correlations present in dynamic data to enhance temporal
resolution [138]. However, this requires large, representative datasets, which are difficult
to obtain for non-rigid, irregular or unpredictable motion, such as the case of tethered
insect locomotion. View-sharing offers a classical, relatively motion-agnostic strategy to fill
missing k-space lines using information from neighboring frames, supplying the network
with an improved initial estimate, and reducing the temporal footprint. Importantly, this
method is not restricted to RARE sequences and can be applied to other imaging protocols
with minimal adjustment.

More broadly, the reconstruction framework developed in this chapter illustrates a hybrid
paradigm in which classical signal processing techniques and learning-based methods are
combined to achieve improved performance under practical constraints. Rather than relying
solely on data-driven learning to infer all temporal structure, model-based or interpolation-
driven steps, such as view-sharing introduce explicit prior assumptions about temporal
redundancy directly into the reconstruction pipeline. This can stabilize learning, reduce the
burden on the network, and improve generalization when training data are limited, as in
the case of insect puMRI. A variety of related strategies may be explored for similar problems.
For example, Kalman filter-based approaches, which have been used to model motion
dynamics in time-resolved imaging, provide a model-based, estimation-theoretic framework
for incorporating temporal state evolution and measurement uncertainty [139, 140]. While
view-sharing relies on implicit temporal interpolation between neighboring frames, Kalman
filtering explicitly models temporal state evolution and measurement uncertainty, enabling
recursive estimation of dynamic processes. Such methods have been successfully applied to
accelerated Cartesian dynamic cardiac imaging, demonstrating improved temporal fidelity
and robustness to undersampling by incorporating motion dynamics directly into the
reconstruction process [141].

Integrating these state-space modeling approaches with deep learning—based reconstruction
could therefore offer advantages over purely interpolation-based schemes. By combining
physics-informed temporal modeling with data-driven spatial priors, such hybrid frame-
works have the potential to better preserve rapid or transient events while maintaining
stability under high acceleration factors. This may be particularly beneficial in scenarios
involving structured but partially unpredictable motion, where simple view-sharing may
introduce temporal blurring or fail to capture abrupt changes. Although motivated here
by the constraints of insect uMRI, these challenges and methodological considerations are
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not unique to this domain. Similar trade-offs between undersampling, motion complexity,
data scarcity, and reconstruction robustness arise in many areas of clinical dynamic MRI,
including cardiac, abdominal, and fetal imaging. As such, the hybrid strategies discussed
here reflect broader themes in modern MRI reconstruction, where the integration of physics-
based modeling and learning-based methods is increasingly important for reliable imaging
under non-ideal and data-limited conditions [142, 143].

In summary, the methodology developed in this chapter is not intended to achieve state-
of-the-art high-speed dynamic MRI performance, and the resulting temporal resolution
of 1.2 s per frame at 2.5X acceleration is therefore not directly comparable to advanced
clinical research protocols, which benefit from larger voxels and parallel coil arrays. The
significantly smaller voxel volume of the insect uMRI limits the SNR even at the ultra-high
field of 15.2 T, and consequently, the attainable acceleration rate. As a result, the proof-of-
concept demonstrated here is suited to imaging the relatively slow abdominal dynamics of
the Pachonoda marginata, which may not hold for a smaller, faster model organism such
as Drosophila melanogaster. To address such cases, future work could explore strategies
for improving temporal resolution, drawing on approaches established in preclinical and
clinical dynamic MRI to accommodate rapid and complex motion [111, 112, 144]. Even
modest custom parallel arrays may provide the necessary acceleration to track dynamic
processes in vivo. When paired with advanced reconstruction, this approach offers a viable
path toward high-fidelity imaging of rapid behaviors in the constrained environment of a
UMRI scanner.
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The fundamental goal of “MRI of behaving organism” in this thesis represents a subset
of the broader goal of functionally characterizing a live, behaving model organism using
magnetic resonance. The methodologies developed in the preceding chapters enable both
snapshot imaging during active tethered locomotion and time-resolved imaging, establishing
a foundation for probing physiological processes beyond static morphology. While the
primary focus thus far has been on biomechanical characterization of insect locomotion,
these advances naturally motivate extension toward more direct functional and biochemical
measurements.

An overarching objective is the acquisition of molecular signatures associated with behavior.
Magnetic resonance spectroscopy (MRS), which shares the same physical basis as MRI and
underpins its contrast mechanisms, provides localized chemical or metabolic information
that is inaccessible to conventional imaging alone. In principle, spatially localized in vivo
MRS experiments enable interrogation of tissue-specific biochemical states during behavior.

As an initial step toward this goal, preliminary in vivo MRS experiments were conducted to
assess the feasibility of such measurements in a tethered insect positioned on the treadmill.
These experiments are not intended as comprehensive functional studies, but rather as
a proof of viability for extending the developed experimental framework toward future
functional and spectroscopic investigations.

7.1 Invivo localized 'H MRS

In vivo MRS can be performed using a standard, non-localized approach, in which the entire
sample is excited and the resulting free induction decay (FID) is acquired without any spatial
specificity. While simple, this approach provides only a global signal and can suffer from
inhomogeneities arising from tissue heterogeneity and magnetic susceptibility variations. In
contrast, localized MRS exploits imaging gradients to selectively excite and acquire signals
from a defined voxel or anatomical region, enabling spectroscopic measurements from
specific tissues of interest. Although localization typically reduces the overall SNR due to
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the smaller excited volume, it offers significant advantages by minimizing line broadening
from magnetic field inhomogeneities and potentially provide tissue-specific biochemical
information [145, 146].

Localized 'H MRS experiments were performed using a point resolved spectroscopy (PRESS)
sequence (ParaVision 360 v3.3) on the Bruker preclinical MRI system. All measurements
were conducted using the in situ treadmill setup, with the quadrature transmit-receive RF
coil configuration, consistent with the imaging experiments described throughout the thesis.
The insect was alive and exhibited periods of active behavior throughout the experiments,
and detailed animal handling protocols are outlined in Section 4.4.

7.1.1 Spectroscopic sequence and parameters

Spatial localization was achieved using a standard PRESS scheme consisting of a 90° ex-
citation pulse followed by two orthogonal 180° refocusing pulses. TE was set to 16 ms,
implemented as sub-echo times of TE; = 8.03 ms and TE, = 7.97 ms. The TR was 1000 ms,
providing a balance between SNR and total acquisition time while limiting excessive satura-
tion effects. Each spectrum was acquired using 50 signal averages, and the experiment was
repeated for 60 repetitions, resulting in a total acquisition time of approximately 3000 s.

Spectroscopic data were acquired in one dimension with a spectral matrix size of 2048
points. A spectral bandwidth of 13.16 kHz was used, corresponding to a dwell time of 38 ps
and a nominal spectral resolution of approximately 3.2 Hz. The transmitter frequency was
referenced to the water resonance at 4.7 ppm. Water suppression was not applied during
acquisition in order to preserve the full spectral content and facilitate post hoc assessment
of spectral quality and frequency stability.

3 was selected within the thorax region of

A single cubic voxel of dimensions 2 X 2 X 2 mm
the insect, as shown in Fig. 7.1(a) and (b). Crusher gradients and spoiler pulses were applied
to minimize signal contamination from outside the prescribed volume. First-order shimming
was performed automatically over the selected voxel prior to data acquisition to optimize
magnetic field homogeneity. Transmitter reference power and frequency calibration were
carried out using the system’s automated adjustment routines. No dynamic shimming or

navigator-based frequency correction was applied during the spectroscopy acquisition.

Raw FID data were saved for offline processing and analysis in MATLAB, no real-time
spectral fitting or metabolite quantification was performed during acquisition. For each
measurement, the time-domain signals were averaged, followed by an FFT to convert the
signals into the frequency domain. The resulting spectra were visualized as magnitude
spectra without applying phase or baseline correction. The primary objective was to evaluate
signal stability over extended acquisition times. This approach captures overall amplitude
fluctuations while remaining insensitive to minor phase variations induced by internal
motion, thereby providing a robust measure of motion stability in the tethered insect.
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Figure 7.1: In vivo localized 'H MRS of a tethered insect. (a) Insect on the in situ treadmill.
(b) Anatomical reference indicating voxel placement within the thorax. (c) Magnitude
spectrum highlighting water and lipid resonances. (d) Time-resolved stack plot illustrating
spectral stability over a 50 min duration.
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7 In vivo MRS: towards functional characterization

Figure 7.1(a) illustrates the placement of the localized spectroscopy voxel within the tho-
rax. The corresponding 'H MRS magnitude spectrum is shown in Fig. 7.1(b), dominated
by the water resonance at approximately 4.7 ppm and broad lipid-associated resonances.
Figure 7.1(c) presents a time-resolved stack plot of spectra acquired over a 50 min period,
demonstrating spectral stability throughout the acquisition. The primary objective of this
experiment was to qualitatively assess whether normal tethered locomotion induces large-
scale signal fluctuations or instability in localized in vivo MRS measurements. Consistent
with the approach demonstrated by Schilling et al. [147], 'H NMR can separate water
and lipid resonances in living insects and non-invasively monitor fat distribution; how-
ever, in contrast to their fixed and cold-anesthetized preparations, the present experiment
demonstrates that meaningful 'H measurements can also be obtained in actively tethered
insects.

Although localized 'H MRS provides high sensitivity and serves as a practical starting
point for assessing motion robustness in tethered insects, its biochemical specificity is
limited by the dominant water signal and broad lipid resonances. Consequently, the current
measurements primarily demonstrate the feasibility and stability of localized spectroscopy
during active behavior rather than detailed metabolic characterization. In future studies, the
same experimental framework could be extended to alternative nuclei commonly employed
in small-animal MRS, such as !'P, which offers direct insight into energy metabolism
and intracellular pH, or *C for probing metabolic pathways. While the SNR for these
nuclei is expected to be substantially lower than for 'H, optimized acquisition strategies or
even hyperpolarization techniques could be explored to enhance sensitivity, presenting an
ambitious yet promising avenue for future work on dynamic metabolic measurements in in
vivo behaving insects.
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8 Conclusions and outlook

This chapter summarizes and reflects on the major scientific contributions of the thesis and
outlines future directions for research in this area.

8.1 Conclusions

While the physical principles underlying clinical MRI and pMRI are fundamentally the
same, their practical implementations and scientific motivations may differ. Clinical MRI is
generally optimized for imaging larger anatomical regions, whereas pMRI targets much
smaller specimens and finer spatial scales, where sensitivity and spatial resolution pose
greater technical challenges. In addition, uMRI often relies on higher static magnetic field
strengths and stronger gradients to achieve microscopic resolution, which can introduce
increased susceptibility effects, field inhomogeneities, and RF-related constraints. These
differences in operating field regimes further complicate experimental design and quanti-
tative interpretation at the microscale. As discussed by Glover and Mansfield [148], early
developments in magnetic resonance microscopy (MRM) (or uMRI) were constrained by
SNR limitations that hindered its adoption as a widespread microscopic imaging tool.

Introducing motion at this scale further complicates the problem. At the microscopic spa-
tial resolutions, even small displacements can constitute a significant fraction of a voxel
dimension, leading to phase errors, blurring, and signal loss. High-resolution pMRI often
requires longer acquisition times and stronger gradients, and the measurements are pro-
portionally more sensitive to motion-induced inconsistencies than in conventional clinical
imaging. This places additional demands on hardware design, sequence development, and
reconstruction strategies. Nevertheless, these constraints do not represent a fundamental
limit, and innovations in methodology and experimental design can expand the scope and
impact of pMRI, as demonstrated in this thesis.

While the treadmill platform established the physical interface required for pMRI of teth-
ered insect locomotion, the methodological developments transformed this experimental
paradigm into a viable imaging approach. In particular, motion management strategies
played a central role. Prospective gating, although not ideal for irregular motion, demon-
strated the feasibility of snapshot imaging during active locomotion. Building on this,
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retrospective gating was implemented to relax acquisition constraints and enable more flex-
ible reconstruction, including the possibility of dynamic imaging. Residual motion-related
artifacts following gating were further mitigated using the deep learning—based strategy.
Given the complexity of motion at the microscale, where displacements can approach the
spatial resolution and interact nonlinearly with encoding fields, precise motion parameter
estimation and analytical correction remain highly challenging. In this context, data-driven
methods provide a viable route to overcome microscale motion challenges, advancing pMRI
toward capturing the intrinsic dynamics of active biological systems.

Truly dynamic imaging was demonstrated in the final part of this thesis through a proof-of-
concept 2D time-resolved pMRI of abdominal pitching during tethered locomotion. Fast
imaging enabled visualization of internal motion at temporal resolutions sufficient to capture
natural biomechanical dynamics of the sun beetle. Simultaneously, the integrated MR-
compatible computer vision system provided complementary information on the correlated
external morphology, allowing simultaneous observation of internal and external motion.
This integrated framework enables future exploration of the interplay between internal
physiological processes and externally expressed behaviors in active small organisms. In
addition, the preliminary localized in vivo MRS experiments demonstrate the feasibility
of acquiring stable 'H signals from a tethered insect, indicating that the developed puMRI
framework can, in principle, be extended toward future spectroscopic investigations of
active organisms.

In summary, the key contributions of this thesis are the development of an in situ treadmill
paradigm for uMRI of a tethered, actively behaving insect, along with associated method-
ologies for motion compensation and accelerated imaging. By extending pMRI beyond
purely structural characterization to frameworks compatible with natural activity, this
work demonstrates the feasibility of studying dynamic biological processes and highlights
opportunities for future functionally relevant investigations in active organisms.
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8.2 Outlook

Several methodological and application-oriented directions can be pursued as future di-
rections for this work. From a technical perspective, the current treadmill setup is not
yet optimized for sensitivity or coil filling factor. Further improvements in custom RF coil
design, sample positioning, and overall system integration could enhance the SNR. Such
developments should ideally be guided by clearly defined biological questions, ensuring
that hardware optimization aligns with the potential functional or structural measurements.

The commercial quadrature coil used throughout this thesis was not designed with parallel
imaging capabilities. Although implementing parallel imaging at the uMRI scale presents
significant technical challenges, particularly due to geometric constraints, decoupling
challenges between coil elements, and the need to preserve adequate SNR at high spatial
resolution, there are potential pathways toward achieving it. Parallel imaging could be
realized through the development of a modest multi-element receive array specifically
tailored to the size and morphology of the insect specimen. Such designs would require
careful electromagnetic optimization to ensure sufficient spatial variation in coil sensitivities,
effective decoupling between elements, and low noise correlation. When combined with
sensitivity-based reconstruction approaches, this may allow moderate acceleration, albeit
with the expected SNR and g-factor penalties inherent to parallel imaging. While demanding
in terms of hardware design and validation, these developments represent a feasible direction
for improving temporal efficiency in future pMRI implementations, especially for the case
of dynamic imaging.

Tethered insect locomotion, and its interaction with the fields (B, B;, and gradients) can also
influence image quality and quantitative accuracy, but this has not yet been systematically
investigated. Motion-induced changes in coil loading, susceptibility effects, or field pertur-
bations could introduce subtle biases, particularly in quantitative measurements. Explicit
electromagnetic modeling may help characterize these interactions and assess their impact,
especially if future studies aim to extract quantitative parameters such as relaxation times or
even metabolite concentrations. A more detailed understanding of field-tissue interactions
at the insect scale would therefore contribute to more robust experimental design and more
reliable interpretation of pMRI measurements.

The preliminary localized in vivo MRS experiments highlight a promising direction for
future studies. Although technically ambitious, developing a more robust MRS platform
and workflow for active insects, with improved sensitivity and stability, could enable
non-invasive monitoring of metabolic changes associated with development, behavior, or
environmental perturbations. Motion is only one of the challenges; achieving sufficient
sensitivity for X-nuclei MRS presents an even greater limitation. Future approaches may
need to explore hyperpolarization techniques, which have increasingly been applied in
preclinical small animal models to enhance the detectability of low-abundance metabolites.
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Deep learning methods are increasingly shaping medical imaging and computer vision, with
strategies such as transfer learning and physics-informed modeling helping to address data
scarcity challenges. UMRI may benefit from these advances, particularly in artifact removal,
denoising, reconstruction and image analysis. However, as in clinical MRI, data-driven
approaches must remain grounded in the underlying physical principles to ensure robustness
and quantitative reliability, considering the limited data availability and experimental
variability inherent to pMRIL

The sun beetle (Pachnoda marginata) primarily served as a practical model to establish
and validate the methodological framework underlying the thesis. While effective for
demonstrating feasibility, the approaches developed here could be extended to more widely
studied model organisms, such as Drosophila melanogaster. Moreover, the in situ treadmill
paradigm is not inherently restricted to insects. With appropriate adaptation, the conceptual
framework may prove useful, or serve as inspiration, for studies involving other small animal
models commonly used in preclinical MRI, particularly in contexts where controlled activity
or behavior during imaging is of interest.

Overall, the work presented in this thesis provides a methodological starting point. Contin-
ued refinement of instrumentation, motion-adaptive strategies, modeling, and multimodal
integration may allow the approach to mature into a versatile tool for dynamic non-invasive
studies of small living systems.
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Appendix

A Data availability

The relevant code and data supporting this thesis are publicly available at https://github.
com/chenakkara.

B Imaging parameters

FLASH Parameters: TE/TR = 4ms/200 ms, slice thickness = 1 mm, matrix = 256 X 256,
FOV = 30 x 30 mm, in-plane resolution = 117 X 117 pm, FA = 30°, BW = 50 kHz, NEX = 1,
acquisition time = 51.2s.

RARE Parameters: TE/TR = 5.24 ms/1000 ms, slice thickness = 1 mm, matrix = 256 X 256,
FOV =30x30 mm, in-plane resolution = 117X 117 pum, RARE factor = 1, NEX = 1, acquisition
time = 256s.
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Appendix

C DL motion correction: simulated dataset distribution
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Figure C.1: Deep learning-based residual motion correction: training dataset distribution
(a) Pretraining brain MRI translation motion simulation. (b) Pretraining brain MRI rotation

motion simulation. (c) Finetuning insect MRI translation motion simulation. (d) Finetuning
insect MRI rotation motion simulation.
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