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1. Provide an overview of existing machine learning methods applied to the
recognition of 3D objects from projection data, highlighting their strengths and
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addressing problems related to dynamic 3D objects.
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The thesis is focused on the reconstruction of a three-dimensional structure from
an extremely limited number of projections available in MHz tomoscopy. MHz
tomoscopy is an imaging technique that captures multiple simultaneous X-ray
views on sub-microsecond time scales allowing to track fast dynamic processes
such as shock waves and cavitation. The task is to first develop a physically
realistic model of the dynamics of model objects observed in a tomoscopic X-
ray experiment. Based on the data analysis, select a suitable data representation
for the simulation of projection data on the detector. Subsequently, on the basis
of known physical reality, to reconstruct spatially structured images of objects
in phase contrast.

MHz Tomoscopy, X-ray phase-contrast imaging, 3D Gaussian Splatting,
sparse-view reconstruction, Fresnel propagation, coarse grain molecular
dynamics
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Abstrakt

Rontgenové Ziarenie predstavuje vykonny, nedestruktivny prostriedok na skiimanie
vnutornej struktiry nepriehladnych materialov v troch rozmeroch. Tradi¢na rontgenova
tomografia vytvara detailné 3D obrazy rotaciou vzorky, avsak tato sekvencna akvizicia
limituje rychlost, akou mozno sledovat dynamické procesy. MHz-Tomoskopia tento prob-
lém obchéadza sicasnym zachytenim viacerych projekcii pomocou réntgenového lasera,
¢im umozituje zobrazovanie rychlych dejov — §irenia okovych vin, kavitacie ¢i formova-
nia trhlin — pri frekvenciach aZ niekolko MHz. Cenou za to je len niekolko simultannych
projekcii, ¢o znacne stazuje kvalitnd 3D rekonstrukciu. Praktickd vyzvu dalej prehlbuja
velké objemy dat a nedokonalosti inStrumentéacie, ktoré spoloéne vyzaduji reprezenta-
ciu scény dostatocne kompaktnt na efektivne ukladanie a dostato¢ne rychlu na spra-
covanie v ¢o najkratSom case. Problém dalej komplikuje povaha biologickych vzoriek:
namiesto absorpcie rontgenového Ziarenia ho predovsetkym fazovo postvaju, takze kla-
sické absorpéné zobrazovacie techniky takmer vébec neprodukuji kontrast. Tato praca
rie$i uvedené vyzvy prostrednictvom dvoch prispevkov. Najprv sme vyvinuli fyzikalne
realistickil simula¢nt pipeline, ktora priradi rontgeno-optické parametre vypocitané z
Henkeho tabuliek geometrickym modelom cervenych krviniek a Fresnelovym difrake-
nym integralom propaguje vystupné vlnové pole na detektor, ¢im vznikaju syntetické
fazovo-kontrastné hologramy modelujice celé zobrazovanie. Nasledne sme pre rontge-
nové fazovo-kontrastné zobrazovanie adaptovali metédu 3D Gaussian Splatting (3DGS)
ako efektivnu, diferencovatelni reprezentaciu scény: namiesto voxelovej mriezky je scéna
zlozena z Gaussovych primitivov, z ktorych kazdy nesie absorpény index § a dekrement
indexu lomu § daného materialu. Na rozdiel od implicitnych neurénovych reprezentacii
3DGS rasterizuje vsetky primitivy v jednom diferencovatelnom prechode bez volani ne-
urénovej siete pre kazdy vzorkovany bod, ¢o prinasa vyrazné vypoctové ispory oproti
NeRF aj voxelovym metédam. KIu¢ovymi Gpravami Standardného frameworku su nahra-
denie perspektivnej zobrazovacej geometrie a farebného renderovania paralelnou geomet-
riou s fyzikalnym doprednym modelom zahfnajucim Fresnelovo Sirenie vlnového pola
a funkciu rozptylu bodu detektora, a implementovanie fazovej rekonstrukcie priamo do
optimalizacie. Vysledky ukazuju, Ze upraveny framework dokaze rekonstruovat fazovo-
kontrastné zobrazenia zo 16 syntetickych projekcii za priblizne 15 minut na jedinom GPU,
¢o je v ramci praktickych ¢asovych moznosti meracich ¢asov na XFEL. Doélezitym ziste-
nim je, Ze bezna metrika PSNR je pre hodnotenie holografickej rekonstrukcie nevhodna;
vhodnej$imi alternativami si SSIM a Fourierova korelacia krazkov (FRCM). Ukazalo sa
tiez, Ze spravne nastavenie u¢iaceho pomeru na riedkej inicializacii prekonava 30x zvyse-
nie poctu Gaussianov, ¢o poukazuje na to, ze hlavnou prekazkou kvalitnej rekonstrukcie
nie je kapacita reprezentacie, ale dynamika optimalizacie.

KIhacové slova: MHz-Tomoskopia, rontgenové fazovo-kontrastné zobrazovanie, 3D Gaus-
sian Splatting, rekonstrukcia z riedkeho poctu projekcii, Fresnelov propagator, molekularna

dynamika



Abstract

X-rays provide a powerful, non-destructive means of probing the internal structure
of opaque materials in three dimensions. Conventional X-ray tomography builds detailed
3D images by rotating the sample through a full angular range, but this sequential acqui-
sition limits how fast dynamic processes can be observed. MHz-Tomoscopy overcomes
this by capturing multiple projections simultaneously with an X-ray laser, enabling the
imaging of rapid phenomena — shock waves, cavitation, crack formation — at repetition
rates of up to several MHz. The trade-off is a severely limited number of simultaneous
views, making high-quality 3D reconstruction challenging. The practical difficulty is fur-
ther compounded by the large data volumes and instrumentation imperfections inherent
to MHz-rate acquisition, which together demand a scene representation compact enough
for efficient storage and fast enough for near-real-time post-processing. The problem is
additionally complicated by the nature of soft biological specimens: rather than absorbing
X-rays, they predominantly shift their phase, so conventional absorption-based methods
produce almost no contrast. This thesis addresses these challenges through two main con-
tributions. First, we developed a physically realistic simulation pipeline that assigns X-ray
optical parameters computed from the Henke tables to geometric models of red blood cells
and propagates the exit wavefield to the detector via the Fresnel diffraction integral, pro-
ducing synthetic phase-contrast holograms that model the full imaging chain. Second, we
adapted 3D Gaussian Splatting (3DGS) as an efficient, differentiable scene representation
for X-ray phase-contrast imaging: rather than a dense voxel grid, the scene is decom-
posed into Gaussian primitives each carrying the absorption index 8 and refractive-index
decrement § of the local material. Unlike implicit neural representations, 3DGS rasterises
all primitives in a single differentiable forward pass without per-sample neural network
queries, yielding significant computational savings over both NeRF and voxel-based meth-
ods. The key modifications to the standard framework are the replacement of perspective
geometry and colour rendering by a parallel-beam physical forward model incorporating
Fresnel free-space propagation and detector point-spread function, and the embedding
of a phase-retrieval step within the scene optimisation loop. The results show that the
adapted framework can reconstruct phase-contrast images from 16 projections in approx-
imately 15 minutes on a single GPU, well within the practical timescales of beamtime
experiments. A key finding is that the standard PSNR metric is unsuitable for evaluat-
ing holographic reconstruction; SSIM and the Fourier Ring Correlation Metric (FRCM)
are more appropriate alternatives. It also emerged that careful learning-rate tuning on a
sparse initialisation outperforms a 30x increase in Gaussian count, indicating that the bot-
tleneck for reconstruction quality is optimisation dynamics rather than representational
capacity.

Keywords: MHz-Tomoscopy, X-ray phase-contrast imaging, 3D Gaussian Splatting, sparse-

view reconstruction, Fresnel propagation, molecular dynamics
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Acronyms

MHz-Tomoscopy — MHz rate mulTiple prOjection X-ray MicrOSCOPY
PCI — Phase-contrast imaging

3DGS — 3D Gaussian Splatting

FBP — Filtered Back Projection

SIRT — Simultaneous Iterative Reconstruction Technique
NeRF — Neural Radiance Fields

ONIX — Optimised Neural Implicit X-ray imaging

XFEL — X-ray free electron laser

RBC — Red Blood Cells

SSIM — Structural Similarity Index Measure

FRC — Fourier Ring Correlation

FRCM — Fourier Ring Correlation Metric

MD — Molecular Dynamics
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1 Introduction

X-rays provide a powerful, non-destructive means of exploring the internal structure
of materials due to their high penetration capability. Their interactions with matter, mani-
festing as variations in absorption and phase shifts, enable the reconstruction of volumetric
structures with high spatial resolution. This capability forms the basis of several advanced
imaging modalities, such as X-ray computed tomography (CT) and MHz-Tomoscopy [1], also
referred to as X-ray Multi-Projection Imaging (XMPI) [2].

While conventional X-ray tomography serves as the gold standard for 3D imaging, it
fundamentally relies on temporal averaging. This makes it unsuitable for imaging fast phe-
nomena, as data acquisition requires sequential rotations over a 180° range. MHz-Tomoscopy
presents a compelling alternative, offering the ability to capture simultaneous projections from
multiple angles at sampling frequencies up to several MHz. This enables the visualization of
dynamic processes in almost real-time, including shock wave propagation, cavitation, crack
formation, combustion, and acoustic turbulence—processes often inaccessible to optical or
slower imaging techniques [2].

There are multiple challenges in MHz-Tomoscopy. At the data level, MHz-rate acquisi-
tion produces extremely large data streams from instrumentation that is inevitably imperfect,
requiring both effective data filtering and an internal scene representation compact enough for
efficient storage and fast enough to keep pace with the experimental acquisition rate. At the
reconstruction level, the severely limited number of simultaneous views renders the inverse
problem underdetermined [3], and the recovery of phase objects is further complicated by the
absence of direct phase measurements and the nonlinearity of the imaging model. To tackle
this, we propose a particle-based representation that inherently captures abrupt changes in op-
tical density while reducing memory demands and training complexity. Unlike conventional
voxel-based methods that tend to be computationally intensive and require large neural net-
works, our representation focuses on essential features of the sample. This approach promises
to overcome the constraints arising from sparsity and ill-posedness, while also addressing the

data-volume demands of online tomoscopic experiments.



2 Theoretical Background

2.1 Tomography, Tomoscopy and Dynamic Imaging

X-rays are particularly well-suited for probing the three-dimensional composition and
behavior of materials. Among the techniques leveraging this capability, time-resolved tomog-
raphy stands out for its ability to capture the evolution of 3D structures dynamically. Conven-
tional implementation acquires 4D datasets (three spatial dimensions plus time) by sequen-
tially recording complete tomographic volumes at intervals faster than the timescale of the
underlying phenomena. Each volume is reconstructed from a series of 2D projection images

acquired over a sample rotation of at least 180° relative to the X-ray beam [2, 3].

X-ray beam Sample & Rotation stage Detector

Figure 1: Computed tomography geometry showing sequential sampling [4, 5].

Despite its widespread adoption, this approach is constrained by physical and mechan-
ical factors. First, the mechanical rotation of the sample can introduce forces that disturb the
very processes under observation. Second, the sequential nature of data collection prevents
true single-shot imaging. Third, both temporal and spatial resolution are inherently limited by
the available photon flux (number of photons in the beam) from the source and the maximum
available acquisition speed [2, 3].

However, this geometric shift introduces a new set of challenges. Although temporal
resolution has been greatly improved, the number of unique angular views available for re-
construction at any given snapshot is significantly lower compared to conventional CT. The
resulting sparse angular sampling, together with the phase-contrast nature of the measure-
ments, makes the inversion problem ill-posed: reconstruction requires recovering both the
3D distribution of the complex refractive index and the phase of the wavefield from a limited
number of intensity-only projections — a fundamentally more ambiguous task than classical

absorption CT, as discussed in the following sections.
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X-ray beams Sample Detectors

Figure 2: MHz-Tomoscopy / XMPI imaging setup [4, 5].

2.2 Phase-contrast imaging

Beyond sampling constraints, a fundamental limitation of conventional computed to-
mography (CT) arises from the physics of the X-ray interaction. Standard reconstruction algo-
rithms rely on the Radon transform [6] applied to the attenuation coefficient derived from the
intensity loss (Beer-Lambert law; see Eq. 2.8 and Section 2.3). This approach is often insuffi-
cient for phase objects—materials with low attenuation but significant phase-shift properties,
such as soft tissues or polymers. In these cases, edges may be invisible or poorly defined in
absorption-based reconstructions. To recover these structures, one must exploit the phase
component of the X-ray wavefield [7].

The interaction of X-rays with matter is characterised by the complex refractive index

n=1-0+1p, (2.1)

where [ refers to absorption and 0 represents the refractive index decrement responsible for
phase shifts. For soft biological materials, § is typically several orders of magnitude larger
than 3, meaning that phase effects dominate absorption effects [7, 8].

Under the projection approximation, the interaction of X-ray wavefield with the sample
is described by the complex transmission function 7'(x,y). Defining the magnitude of the

wave-vector as k = 27/, the transmission function is given by:

T(z,y) = exp {—k/ﬁ(m,y,z) dz] exp {—z’k/é(m,y,z) dz] . (2.2)

This can be decomposed into the amplitude A(z,y) and phase ¢(x,y) projections along the



optical axis z:

= exp( /5 Y, 2 ) (2.3)

k/éx% (2.4)

Thus, T'(z,y) = A(z,y) explig(z, y)]. [7]

The wavefield evolves over a propagation distance d via the Fresnel diffraction integral.
Mathematically, this is represented as a convolution of the exit wavefield U (z,y,0) = T'(z, y)
with the Fresnel propagator P(z,y, 2):

U(z,y,2) = U(z,y,0) * P(z,y, 2) (2.5)

where the free-space propagator is defined as:

elkz

Az

P(z,y,z) = (2.6)

ik(2* + y?)
2z '

exp [

The physical quantity captured by the detector is the intensity /(z, y), which corresponds to
the squared magnitude of the propagated wavefield:

I(z,y) = |U(z,y,2)|* = |U(2,y,0) * P(z,y,2)|*. (2.7)

The resulting intensity distribution encodes the phase information of the object through in-
terference patterns [7]. Structurally, this implies that the detector records a signal sensitive
to the curvature of the phase map. Structural boundaries are emphasised by bright-and-dark
fringes—the well-known edge effect—where phase gradients manifest themselves as intensity
variations [9].

Figure 3 illustrates how free-space propagation transforms a mixed absorption/phase

object into these characteristic fringe patterns.

Computational regimes. From a computational perspective, the choice of propagation dis-
tance d defines the forward measurement model and introduces a trade-off between spatial
resolution and the compactness of the signal in the frequency domain. Spatial resolution de-
scribes how well the imaging system can distinguish fine details or closely spaced features of
the object, while frequency-domain compactness refers to how concentrated the signal repre-
sentation is in the Fourier domain, which can simplify computational reconstruction.

In practice, this trade-off appears in different propagation regimes:

« Far-field (Fraunhofer regime): The object field undergoes a Fourier transform, and
the detector measures only the intensity distribution |F{U}|>. Because phase infor-

mation is not recorded, reconstruction requires phase-retrieval algorithms or additional

4



Red: absarbers
Simulated images along optical axis Sample ®e% .  Blue: phase shifters
... )
L]

Detector

Contact: I 1000 mm
onl ear field: |
abst;rption » edges enhanced, | 9 D
is visible ¢ more and more with D Towards far field:

* phase objects visible, Image loses resemblance

e resolution degrades with real-space object

Figure 3: Free-space propagation behind an object composed of absorbing structures (red)
and non-absorbing phase shifters (blue). Image adapted from [10].

constraints, such as support masks or reference waves.

+ Near-field (Fresnel regime): The recorded intensity corresponds to the exit wave
propagated by the Fresnel kernel, which preserves spatial structures in a phase-encoded
form. The resulting pattern is a near-field diffraction pattern (hologram), characterised
by interference fringes formed by the interaction between the scattered wave from the

sample and the unscattered reference wave [11, 7, 3].

For small propagation distances z, the measured intensity remains close to the object
plane, preserving a higher spatial resolution, although phase information may only be weakly
encoded. As z increases, the diffraction becomes stronger and more phase information is
encoded in the intensity pattern, which can facilitate computational reconstruction. However,

this also spreads the signal spatially, leading to a more blurred intensity distribution. [11, 7, 3]



a) Incident coherent light b) Recorded hologram

Sample

\/ Scattered light

G  Detector

Recorded interference pattern
across hologram centre

Figure 4: (a) Coherent X-ray wavefield interferes with light scattered from the sample, pro-
ducing an interference pattern that encodes the object’s phase and absorption. (b) The result-
ing hologram. Adapted from [3].

Phase retrieval Phase retrieval introduces a critical computational challenge. Standard ab-
sorption CT is a linear inverse problem — one simply recovers the absorption index 3 from
measured intensities. Recovering the refractive-index decrement § from intensity-only mea-
surements, however, is non-linear: because phase information is discarded at the detector,
many different objects can produce the same intensity pattern, making the problem inher-
ently ill-posed. Without proper constraints, this non-linearity leads to reconstruction artefacts
and ambiguities, which is particularly problematic when imaging dynamic, phase-dominant
phenomena [7].

Uniqueness and stability can be recovered by imposing physically motivated constraints.
The most common is a support constraint, which assumes the object is confined to a known
bounded region of the field of view. Phase-retrieval algorithms belong to two broad families.
Deterministic methods (e.g., transport-of-intensity approximations, analytic holographic
reconstructions) yield closed-form estimates in a few analytical steps. Iterative methods
(Gerchberg—Saxton, hybrid-input-output) treat the task as an optimisation: starting from an
initial guess they repeatedly enforce data consistency and the constraints above until conver-

gence. The choice between deterministic and iterative schemes is dictated by the available



prior information, noise level, and computational budget [12, 7].

By embedding these constraints into the reconstruction pipeline we mitigate the am-
biguities intrinsic to the phase problem and obtain high-precision ¢ reconstructions from
intensity-only measurements, thus fulfilling the promise of phase-contrast imaging for dy-

namic, soft biological specimens.

Intensity
(arb. units)

Phase
(rads)

101.89 ps

Figure 5: (a) actual experimental images from EuXFEL at three different time points and
(b) the images after phase retrieval methods based on the alternating direction method of
multipliers [13]. Image adapted from [14].

2.3 Tomographic Reconstruction

Classical tomographic reconstruction aims to recover the three-dimensional internal
structure of an object from a series of two-dimensional projection images, typically acquired
by rotating the sample through a defined angular range (180° to 360°). The fundamental unit
of this data is the projection image, where each row of pixels corresponds to a specific “slice” of
the object. By aggregating the same row of pixels from every angular projection and stacking
them vertically, one constructs a sinogram [15]. In this transformed space, a single point in
the object traces out a sine wave over the course of the rotation, and reconstruction amounts
to “unwrapping” these sine waves back into their original spatial coordinates [3, 16]. This
classical picture assumes dense, uniform angular sampling and purely absorptive contrast —
both assumptions that are challenged in the sparse-view, phase-dominant regime of MHz-
Tomoscopy addressed in this thesis.

The physical formation of these projections relies on the Projection Approximation
within the framework of coherent X-ray optics. This model assumes that X-rays traverse
the sample along straight ray paths parallel to the optical axis z. Under this assumption, the
interaction of the X-ray wave with the sample is governed by the Beer-Lambert law, where
the intensity loss is determined by the line integral of the absorption index /(r) (accumulated

absorption along the ray r) [7]. Specifically, the measured intensity / is related to the incident



intensity /) by the following equation:

ety ([ 0. s

The Beer-Lambert coefficient 4+ — the linear attenuation coefficient used in classical CT —
captures the total reduction in beam intensity through two mechanisms: absorption (photon
energy deposited in the material) and scattering (photons deflected out of the beam) [7]. In the
wave-optics framework adopted here, this role is taken by the imaginary part (3 of the complex
refractive index; the two are related by ;. = 2k /3, which holds exactly for pure absorption and
is an excellent approximation for soft biological tissue at hard X-ray energies where scattering
contributes negligibly to total attenuation. /3 is therefore called the absorption index and is
used consistently in place of y throughout.

While phase contrast imaging exploits the refractive index decrement 6 (r), standard CT
focuses on recovering the distribution of 3(r). Mathematically, the mapping from the object
to the projection data corresponds to the Radon transform. The forward transform converts
the three-dimensional object into a set of two-dimensional projections (the sinogram), while
the reconstruction process corresponds to inverting this transform to estimate the internal
distribution of the absorption index (3 [7].

Because the projection model assumes straight ray paths (parallel geometry), the re-
construction is typically performed slice-by-slice. The inverse Radon transform is solved for
a two-dimensional plane to yield a cross-section, which is then stacked vertically with other
slices to generate the final three-dimensional volume. The quality of this reconstruction is
highly dependent on the sampling density, as demonstrated in Figure 6, where insufficient
angular sampling leads to significant degradation in the reconstructed volume [7, 3].

Standard reconstruction algorithms primarily fall into two categories: analytical meth-
ods and iterative methods. Filtered Back Projection (FBP) is the most widely used analytical
technique due to its computational efficiency. FBP directly back-projects the filtered projec-
tions into the reconstruction space to “unsmear” the data. However, FBP assumes ideal sam-
pling conditions and often produces artefacts when data are sparse or noisy. Alternatively,
iterative reconstruction methods, such as the Algebraic Reconstruction Technique (ART) [17]
or the Simultaneous Iterative Reconstruction Technique (SIRT) [18], explicitly model the pro-
jection process. These methods treat reconstruction as an optimisation problem, iteratively
adjusting the volume estimate to minimise the difference between measured projections and
simulated projections generated from the current volume. While these methods offer supe-
rior noise suppression and artefact reduction, they are computationally intensive and do not

resolve the angular sparsity problem [3].



8 angles 20 angles 60 angles 180 angles

Figure 6: Effect of Angular Sampling on FBP Reconstruction. The top row displays sinograms
with decreasing angular density; the bottom row shows the resulting degradation in recon-
struction quality.

Principles of Raycasting

Since acquiring experimental data is costly and the current MHz Tomoscopy setup is
limited to four simultaneous views, creating a reliable 3D model of the sample is extremely
challenging. A digital twin of the experiment is therefore required so that reconstruction
algorithms can be tested under controlled, reproducible conditions. The goal is to construct a
3D model of the sample under examination that can be rendered from arbitrary viewpoints.

Volumetric raycasting gives the Beer-Lambert law (Eq. 2.8) an explicit computational
form by parameterising each X-ray as a ray with origin o, unit direction d, and path coordinate
t € [0, D] [19, 20]:

D
I = Iyexp (—/ B(o+td) dt) : (2.9)
0

The quantity actually used in reconstruction is the projection data P, defined as the
negative log-ratio of transmitted to incident intensity. This reduces the exponential to a line

integral of the absorption index [20, 21]:

I D
P=—In (I_o> = /0 S(o +td) dt. (2.10)

Because the volume is stored as a discrete grid of voxels, the continuous integral is

approximated by a Riemann sum over N equal segments of length At [22]:

F

P~ fBlo+td)AL, (2.11)

s
Il
=)



Anti-aliasing via multi-ray sampling (supersampling). A common issue in discrete ray-
casting is the appearance of aliasing artefacts, such as jagged edges at sharp boundaries. These
arise when the sampling rate is insufficient to resolve fine detail in the volume. To mitigate
these effects, rather than casting a single ray through the centre of each pixel, M rays are cast
with randomised offsets within the pixel area. The final pixel intensity I is the average of

these samples:

M
1
Ipixel = Z B(Oj —+ tldJ)At, (212)

where o; and d; are the origin and direction for the j-th ray. As shown in Figure 7,
this multi-sampling strategy effectively suppresses high-frequency noise and yields smoother,

more physically accurate projections [23].

WITHOUT ANTI-ALIASING

WITH ANTI-ALIASING

Figure 7: Comparison of rendered projections illustrating the reduction of moiré patterns and
jagged boundary artefacts through supersampling anti-aliasing. Image source: [24].

Extension to phase-contrast raycasting. The geometric raycasting model described above
assumes that image formation is governed primarily by X-ray absorption, following the scalar
Beer-Lambert law (Eq. 2.8). However, as established in Section 2.2, X-ray phase-contrast imag-
ing exploits the wave nature of radiation, where the refractive-index decrement () often dom-
inate over absorption (). To accurately simulate this kind of imaging, the raycasting forward
model must be extended beyond simple scalar absorption.

Rather than accumulating a single scalar value along the ray path, the raycasting pro-
cess must integrate the complex refractive index to construct the transmission function 7'(z, y),
incorporating both the attenuation and phase-shift components. The final intensity recorded
at the detector is not the direct result of this line integral but is derived after the wavefield
propagates through free space via the Fresnel propagator (Eq. 2.5 in Section 2.2). This re-
quires the rendering pipeline to handle two distinct volumetric fields (6 and ) and to simulate

the resulting interference patterns. Consequently, the underlying data representation must be
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capable of storing and optimizing these physical properties efficiently, supporting the high-
fidelity reconstruction of low-density materials and abrupt structural changes without the

memory constraints associated with traditional volumetric grids.

2.4 Common 3D Data Representations

In the realm of 3D reconstruction and processing, data representation plays a criti-
cal role in determining the fidelity and efficiency of the reconstruction pipeline. For X-ray
MHz Tomoscopy (and tomography in general), the choice of representation is particularly
constrained by the need to model internal material properties, such as optical density, atten-
uation (or complex index of refraction), rather than merely surface geometry. This section
reviews four prominent methods: voxel grids, point clouds, particle-based splats, and neural

fields, analyzing their suitability for volumetric data tasks.

Voxel Grids Voxel grids remain the standard representation in classical computed tomog-
raphy reconstruction pipelines, where the 3D space is discretised into a regular grid of cubic
elements. The number of scalar fields stored per voxel depends on the imaging modality: ab-
sorption CT requires a single value — the linear attenuation coefficient ;1 (equivalently the
absorption index f3, related by u = 2kf3) [7] — whereas phase-contrast imaging requires two
fields, the absorption index /3 and the refractive-index decrement 9, as employed in the simu-
lation pipeline of this work. The primary advantage of the voxel representation is its direct,
unambiguous mapping to physical space: forward-projection operators such as the Radon
transform and standard reconstruction algorithms (FBP, SIRT, ART) operate on voxel grids na-
tively, making the representation immediately compatible with the entire classical CT pipeline
[25, 26, 7]. However, voxel grids are inherently memory-intensive; the storage requirement

grows as O(N?3) with linear resolution N, making high-resolution volumes quite large.

Point Clouds Point clouds represent 3D data as a set of discrete points in space, typically
defined by coordinates (z,y, z) and attributes such as colour or intensity. Although widely
generated by LIDAR and photogrammetry, point clouds are primarily surface-based represen-
tations [27]. In the context of tomography, this poses a significant limitation: point clouds
capture the exterior geometry but lack the explicit internal connectivity or volumetric density
information required to model X-ray attenuation through the object. While surface meshes
can be derived from point clouds, they inherently do not represent the internal volume where
material interactions occur [27]. Consequently, point clouds are often insufficient for tasks

requiring the reconstruction of internal structural variations [26].
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a) b)

V) d)

Figure 8: (a) Voxel Representation: Objects are constructed from fixed cubic volumes, creating
a blocky, grid-based structure. (b) Point Clouds: The scene is defined by a sparse or dense col-
lection of individual data points in 3D space. (c) Neural Radiance Fields (NeRF): A continuous
volumetric representation that implicitly encodes scene geometry and appearance, enabling
high-fidelity rendering with realistic view-dependent lighting and transparency. (d) Gaussian
Splatting: Surfaces are reconstructed using overlapping primitives to create a continuous, ren-
dered appearance. Image generated by [28].

Splats Gaussian splatting can be understood as a direct extension of the point cloud repre-
sentation. Starting from an initial set of 3D points, each point is augmented with additional
parameters—a 3D covariance matrix (encoding orientation and scale), opacity, and appear-
ance attributes—transforming it from a bare coordinate into a volumetric Gaussian primi-
tive [29]. These overlapping Gaussians collectively fill the interior of the object, giving rise
to smooth, continuous density distributions that can encode material properties throughout
the volume. This overcomes the core limitation of raw point clouds—the absence of volu-
metric interior information—while retaining the flexibility and compactness of an unstruc-
tured, particle-based layout. Unlike implicit neural representations like Neural Radiance Fields
(NeRF) [30], 3D Gaussian Splatting (3DGS) rasterises all primitives in a single differentiable
forward pass via a tile-based GPU rasteriser, avoiding the per-sample MLP queries that NeRF
requires at every point along every ray. This yields substantially faster rendering and shorter
optimisation times. From a memory and compression standpoint, each Gaussian primitive
stores only a compact set of parameters — position, rotation quaternion, three scale values,
opacity, and appearance attributes [29] — amounting to a few tens of floating-point values
per primitive. For sparse scenes composed of distinct objects (such as the RBC in microfluidic
channel studied here), a moderate primitive count suffices to represent the scene, making the
total footprint competitive with or smaller than the O(/N?) voxel grid needed to achieve equiv-

alent spatial resolution. Against NeRF, both memory and speed advantages are more consis-
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tent: NeRF must store network weights and evaluate the MLP at every sample point, whereas
3DGS accesses only the primitive parameters [29, 31]. It should be noted, however, that for
highly dense or uniform volumes the primitive count can grow large and the per-primitive
parameter overhead may erode the memory advantage over fine voxel grids. The parameters
of all primitives are optimised end-to-end through the differentiable rasteriser, allowing the
representation to adapt its spatial layout to the scene structure rather than allocating resources

uniformly across empty space [29].

Neural Radiance Fields Neural Radiance Fields (NeRFs), or implicit neural representations,
utilize neural networks to encode geometry and appearance as continuous functions mapping
spatial coordinates to density and colour. This approach has gained traction for its ability to
represent complex shapes with high fidelity and for its capability in reconstructing the objects
in sparse-view scenarios. Neural fields enable applications such as high-quality view synthesis
and shape interpolation. Nevertheless, they are computationally demanding; training these
networks typically requires significant resources and time (tens of GB’s of GPU memory and
sometimes up to days of training times). For tomographic tasks involving rapid changes or
large datasets, the training complexity and inference latency of neural fields can present a

bottleneck compared to explicit representations [30, 3].

2.5 Implicit Neural Scene Representations (NeRF)

In computer graphics, a radiance field is a mathematical representation used to describe
the spatial distribution of light within a scene. It is expressed as a five-dimensional function
where the first three dimensions correspond to spatial position (z,y, z), and the remaining
two specify direction (6, ¢) in spherical coordinates. This function outputs a colour vector
¢ = (r,g,b) and a volumetric density o, which acts as a differential opacity regulating the

accumulation of radiance along a ray. Formally, the radiance field is defined as:

L(z,y,2,0,0) = (c,0) (2.13)

By incorporating this radiance field into the rendering equation, realistic lighting ef-
fects such as shadows and specular reflections can be simulated. This formulation forms the
basis of Neural Radiance Fields (NeRF), a method proposed to address the problem of novel
view synthesis—generating new views of a scene from previously unseen camera positions.

NeRF models a scene as a continuous volumetric function learned by a deep neural
network. This network takes 5D input coordinates and outputs a view-dependent RGB colour
and density, learned through a multilayer perceptron (MLP) without any convolutional layers.

The model is trained using only a sparse set of 2D input images [30].
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Figure 9: A continuous 5D neural radiance field representing a scene is optimised via volume
rendering. Given 100 input views of the synthetic Drums scene sampled from a hemisphere,
two novel views are generated using the trained NeRF model [30].

Scene-specific learning Unlike conventional deep learning approaches that generalise across
large datasets, NeRF uses a scene-specific training paradigm. Each 3D scene is encoded in the
neural network weights, optimised from a small number of views. This results in a compact
and high-fidelity representation, outperforming voxel-based methods which are less efficient

and more memory-intensive [30].

5D Input Output Volume Rendering
Position + Direction Color + Density Rendering Loss

y ) e |— | -

Ray Distance
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Figure 10: (a) Sample 5D coordinates along camera rays. (b) Use an MLP to map these to colour
and density. (c) Apply volume rendering. (d) Compute the loss by comparing generated and
ground-truth images [30].
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Volume rendering and optimisation To render an image, NeRF computes the colour of
each pixel by casting a ray from the camera into the scene and accumulating the colour and
density contributions of all points along that ray. Formally, the expected colour C(r) along a

ray r(t) = o + td, where o is the ray origin and d is the direction, is given by:

C(r) = /ttf T(t)o(r(t))c(r(t),d)dt, (2.14)

where o(r(t)) is the volume density and ¢(r(¢), d) is the view-dependent colour at each
point. The term 7 (¢) is the accumulated transmittance, representing the probability that the

ray travels from the near bound ¢,, to a point ¢ without being absorbed:
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T(t) =exp (— /t: a(r(s)) ds) : (2.15)

Note that 7 () here denotes the NeRF ray transmittance and is distinct from the com-
plex transmission function 7'(z, y) introduced in Section 2.2. This formulation naturally ac-
counts for both occlusion and transparency, enabling the generation of photorealistic render-
ings.

The network is trained by minimising the error between the predicted pixel colour

C'(r) and the ground-truth pixel colour C(r) across all rays R in the training images:

-y

reR

2

C(r) = C(r)

. (2.16)
2
This squared ¢ loss penalises large per-ray colour errors more heavily than small ones,
encouraging the network to accurately reconstruct both fine detail and broad colour distribu-
tions. Through this optimisation, the network learns an implicit 3D representation of the scene
entirely from 2D supervision, without any explicit geometric prior, and can subsequently be

queried to synthesise novel viewpoints [30, 19].

2.6 Physics-Informed Neural Networks

Physics-Informed Neural Networks (PINNs) [32] pursue a more ambitious goal than
standard data-driven models. Rather than fitting a network purely to observations, the aim
is to train a model that represents a complete spatio-temporal field—in the context of X-ray
tomography, the full 4D evolution of a material’s physical properties across space and time—
while enforcing the governing partial differential equations (PDEs) as constraints throughout
the domain. In this framework, the network does not merely interpolate between measure-
ments; it learns a solution that is physically consistent everywhere, even where no data exist.
This makes PINNs particularly compelling for MHz-Tomoscopy, where the 3D object evolves
continuously in time yet only sparse, projection-based measurements are available at each
instant.

In contrast to purely data-driven approaches, physical systems such as those studied
in MHz-Tomoscopy are typically governed by well-established principles, including conser-
vation laws and transport equations. This prior knowledge—often in the form of PDEs, em-
pirically validated laws, or domain expertise—remains underutilised in conventional machine
learning pipelines. When integrated into the training of neural networks, this structured in-
formation acts as a regularisation mechanism, significantly constraining the solution space
and improving both convergence and generalisation, even in data-scarce scenarios [32]. For
example, physically implausible solutions—such as negative densities or violations of mass
conservation—can be automatically rejected by the model when these constraints are explic-
itly embedded.
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In the context of materials science and X-ray imaging, this is particularly valuable.
Consider, for example, the simulation of fluid penetration in a porous solid during an imaging
experiment. Capturing the dynamic interaction between fluid flow, changing material bound-
aries, and X-ray absorption requires solving coupled PDEs under evolving boundary condi-
tions. These systems are often governed by the Navier—Stokes equations, which describe the
conservation of mass and momentum in fluid dynamics. Solving these equations accurately
is critical for modelling the behaviour of incompressible or slightly compressible fluids under
mechanical or thermal loading.

PINNSs provide a mesh-free, flexible solution framework that can model these interac-
tions by learning spatio-temporal fields directly—such as velocity, pressure, or density—while
ensuring adherence to underlying physical laws. This approach enables the network to infer
hidden states or dynamic field variables even when only partial or indirect measurements are
available [32].

Earlier efforts to integrate prior physics into machine learning models used Gaus-
sian processes for linear systems, enabling uncertainty quantification and analytic tractability.
However, Gaussian processes face scalability issues and require linearisation or discretisation
when extended to non-linear dynamic systems. PINNs overcome these limitations by leverag-
ing the universal function approximation capabilities of deep neural networks and the com-
putational efficiency of automatic differentiation to compute spatial and temporal derivatives

without the need for finite difference schemes [32, 33].
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Figure 11: Physics-informed neural networks for solving Navier—Stokes equations. Adapted
from [34].
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2.7 3D Gaussian Splatting

3D Gaussian Splatting (3DGS), introduced by Kerbl et al. [29], represents a paradigm
shift from implicit neural representations such as NeRF. Rather than encoding the scene geom-
etry in the weights of an MLP, 3DGS represents a scene as a collection of explicit 3D Gaussian
primitives. This point-based, explicit approach offers significant advantages in computational
efficiency, physical interpretability, and the ability to model dynamic deformations, properties

particularly relevant for MHz-Tomoscopy reconstructions.

(’3‘5

Figure 12: Conceptual difference between NeRF and Gaussian Splatting. Image adapted from
[35].

2.7.1 Scene Representation

A key limitation of implicit representations is their “black box” nature: extracting ge-
ometric information from a NeRF requires expensive post-processing, which can introduce
errors and suppress fine detail. In 3DGS, geometry is explicit by construction - each primitive
directly encodes a localized region of the scene, enabling straightforward analysis.

Each Gaussian G(x) is defined by a center u € R?, a covariance matrix 3 € R3*?
controlling the ellipsoid’s shape and orientation, an opacity « € [0, 1], and a view-dependent
colour ¢ encoded via spherical harmonics (SH) coefficients. The spatial contribution at point
X is:

G(x) = a-exp(—5(x —p) 7 (x — p)) .

To ensure numerically stable optimization, 3 is not optimised directly. Instead, it is

factored into a rotation matrix R and a diagonal scale matrix S = diag(s), s € R% ¥ =
RSS'RT [29].
2.7.2 Rendering Pipeline

Producing an image from the 3D Gaussian scene happens in three stages: projection,

depth sorting, and alpha-blending compositing.

Projection to 2D (Splatting) The first stage gives the method its name. To render from a
given viewpoint, every 3D Gaussian is forward-projected onto the image plane. The Gaus-

sian’s centre is transformed into camera (view) space via the world-to-view matrix W, and its
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Figure 13: Projection of a 3D Gaussian onto the 2D image plane.

3D covariance 3 is projected to 2D using a local affine approximation via the Jacobian J of

the projection mapping [29]:
wn, = W, > =JWIW'J".

The approximation is necessary for perspective cameras because a perspective projection tech-
nically distorts a Gaussian into a non-Gaussian shape [36]. For orthographic (parallel-beam)
projection the mapping is already linear, so no approximation is needed. In both cases the
outcome is a 2D Gaussian ellipse characterised by the projected mean ' and covariance X',

ready to be “splatted” onto the image.

Depth Sorting Once all Gaussians have been projected, they must be ordered before com-
positing can take place. Gaussians that fall entirely outside the camera frustum are culled at
this point. The surviving primitives are then sorted by their depth value—their distance from
the camera along the viewing direction. In the official implementation this is performed ef-
ficiently using tiles: the screen is divided into small rectangular tiles, and a GPU radix sort
orders the Gaussians within each tile. This tile-based organisation dramatically reduces the
cost of the sort and enables massively parallel processing on the GPU. The sorted order estab-

lishes the front-to-back sequence required by the subsequent compositing step [29].
Rasterization and Alpha-Blending Compositing With the Gaussians sorted by depth,

the renderer sweeps through them from the closest to the furthest and accumulates their con-

tributions pixel by pixel. At each pixel location X, the colour contribution of the n-th Gaussian
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depends on its learnt colour ¢, the footprint of its 2D ellipse at that pixel (encoded in o/, the
Gaussian-weighted opacity), and the amount of light that has already passed through all nearer
Gaussians. The latter quantity is the accumulated transmittance 7;, (distinct from the complex

transmission function 7'(z, y) introduced in Section 2.2):

n—1
T, =[] -a).
j=1

The final pixel colour is the weighted sum over all N Gaussians:
N

C = Z Cn T
n=1

Intuitively, 7,, starts at 1 (fully transparent path) and decreases with every Gaussian encoun-
tered; a Gaussian that lies behind a nearly opaque one contributes negligibly. This allows
an early-exit optimisation: once 7;, drops below a small threshold the traversal terminates,
skipping all remaining occluded primitives. The result is the discrete counterpart of NeRF’s
continuous volumetric rendering integral (Eq. 2.14), but operating on explicit splats for sub-

stantially faster evaluation [29].

Front to back processing

Image plane

Figure 14: Compositing of Gaussian splats: sorted primitives are blended front-to-back, with
each Gaussian’s contribution attenuated by the transmittance accumulated from all nearer
splats. In this example, each Gaussian is fully opaque (av = 1), so no alpha blending effects are
visible on the image plane. Image from [37].

2.7.3 Optimization

Optimisation starts from a sparse point cloud. Each point is initialised with small co-
variances and opacities based on local point density. The training loss combines an /; intensity

loss with a structural similarity term:
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L= (1—MNI| -1 +X(1-SSIM(I,1)), (2.17)

where I is the rendered image, / is the ground truth image, and A — a weighting fac-
tor balancing pixel-wise and perceptual accuracy. The /; term measures the average absolute
difference between pixels and is less sensitive to outliers than an /5 loss. This makes it more
robust to effects introduced, for example, by glossy materials. The two loss terms complement
each other: the ¢; term encourages accurate pixel values, while SSIM [38] helps preserve over-
all structure, contrast, and sharpness. Together, they promote reconstructions that are both
accurate and visually consistent, which is important for novel view synthesis.

Gradients are propagated through the differentiable rasteriser, and all Gaussian pa-
rameters are updated using the Adam optimiser. During training, the set of Gaussians is also

adjusted to better fit the scene:

 Densification: Gaussians with large positional gradients (indicating poorly represented

regions) are duplicated; large Gaussians are split into smaller ones.

« Pruning: Gaussians with very low opacity (below some defined threshold) or overly

large Gaussians are removed.

Training usually converges in a few minutes, which is much faster than NeRF methods
that can take hours or days [29, 31].
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Figure 15: Adaptive densification and pruning. Adapted from [29].
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Figure 16: The 3DGS optimization pipeline, alternating gradient-based updates with adaptive
densification and pruning. Adapted from [29].

2.8 ONIX

Standard NeRF requires extensive per-scene optimization from dozens or hundreds of
viewpoints, making it impractical for sparse-view tomography. PixelNeRF [39] addresses this
limitation through a fundamentally different training strategy: rather than fitting a separate
network to each scene, a single network is trained across a dataset of multiple scenes, learning
general scene priors. At inference, this shared network is conditioned on input images via a
CNN encoder that extracts spatial feature volumes. For each query point along a camera ray,
the corresponding image feature W (7 (x)) is sampled from the feature volume at the projected
pixel location 7(x). These features, together with spatial coordinates, are fed into the NeRF
network to predict density and colour. This architecture enables reconstruction from as few

as one or several views without requiring scene-specific optimization [39].

X f Volume Rendering
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CNN Encoder Target View Rendering Loss

Figure 17: PixelNeRF architecture for single-view reconstruction. The network is conditioned
on spatial image features extracted by a CNN encoder. Adapted from [39].

ONIX [40] adapts this few-shot framework to X-ray tomography by incorporating the
physics of X-ray propagation. The key modification is that instead of predicting RGB colour
and volumetric density, ONIX predicts the linear attenuation coefficient, modelling X-ray ab-
sorption via the Beer-Lambert law (Eq.2.8). The imaging geometry is fixed to parallel-beam,
as shown in Figure 18.

Reconstruction proceeds by casting a parallel ray through each detector pixel. For
each ray, the network predicts the attenuation coeflicient at regular depth intervals, which are

integrated via Beer-Lambert absorption to form the final projected intensity.
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Figure 18: ONIX architecture. An encoder £ maps input X-ray projections to latent feature
volumes; the network F' predicts the linear attenuation coefficient from 2D projected coordi-
nates and corresponding latent vectors. Adapted from [40].

50 epoch 900 epoch
- - N
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Figure 19: Novel viewpoints synthesised from five input projections (synthetic dataset) fol-
lowing extended training of 15 hours. Despite the sparse angular sampling, the reconstructed
representation successfully preserves the overall geometry of the object. Adapted from [3].
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Figure 20: Cross-sectional slices of the reconstructed volume shown along three orthogonal
planes, illustrating the internal structure of the recovered 3D density field. Adapted from [3].

ONIX has demonstrated state-of-the-art reconstruction quality for few-view X-ray to-
mography, particularly when compared to classical methods such as FBP and SIRT under
highly sparse sampling conditions [3, 5]. However, a fundamental limitation is that it operates
in the attenuation-only regime, modelling only absorption via the Beer-Lambert law. Fur-
thermore, the implicit representation makes it difficult to apply physical constraints or to in-
spect individual scene parameters directly. This approach is valid for conventional absorption-
contrast imaging but fails to capture phase information in holographic phase-contrast regimes,
where X-rays undergo both absorption and phase shift.

In such settings, the detector no longer records a direct projection of the attenuation but
instead captures interference fringes that encode the complex refractive index of the sample.
Recovering the underlying structure from these holograms is inherently more ambiguous, as
both the real and imaginary parts of the refractive index — ¢ and [ respectively — must be
jointly estimated. Extending ONIX to this regime would therefore require predicting both
quantities simultaneously, alongside a physically accurate model of wavefront propagation
from the sample to the detector. This represents a substantial increase in problem complexity,

with direct implications for network design, training stability, and computational demand.

3 Materials and Methods

3.1 Simulation-Based Dataset Generation

A central challenge in applying novel-view synthesis to X-ray phase-contrast imaging
is the absence of large, annotated training datasets. XFEL experiments are expensive and time-
consuming, ground-truth three-dimensional structure is generally unknown, and the precise
imaging conditions are difficult to reproduce. To overcome this, the training data used in this
work were generated entirely in silico through a purpose-built forward simulation pipeline.
The pipeline takes a single snapshot of a molecular dynamics simulation as its input and pro-

duces a set of synthetic phase-contrast projections that faithfully model the physics of Fresnel
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near-field diffraction — the same mechanism as in MHz-Tomoscopy. Because every aspect of
the scene is known exactly, the pipeline provides not only training images but also perfect
geometric ground truth, giving full control over imaging parameters that are fixed once the

experiment begins in reality.

3.1.1 Molecular Dynamics Simulation

The biological specimens of interest are Red Blood Cells (RBCs) flowing through a
model microfluidic channel — a scenario directly relevant to medical applications of MHz-
Tomoscopy. Their dynamics were simulated using the ESPResSo software package [41], specif-
ically its PyOIF (Python Object-in-Fluid) extension [42]. ESPResSo provides a computational
environment for solving Newton’s equations of motion for a system of interacting particles,
and PyOIF extends this to elastic objects immersed in fluid by representing each cell as a de-
formable triangulated mesh. The result is a physically realistic representation of the character-
istic biconcave shape of RBCs under flow. The meshes used were provided by the Cell-in-Fluid
Biomedical Modelling and Computation Group at the University of Zilina, Slovakia [43].

At selected points in time, the simulation state is exported as a set of VTK (Visualization
Toolkit) Unstructured Grid files — one per cell — each encoding the current vertex positions
and the triangular surface connectivity of the corresponding mesh. A single such snapshot,

illustrated in Figure 21, is the starting point for all subsequent processing.

Figure 21: RBCs at one simulation snapshot, rendered from the corresponding VTK surface
meshes in ParaView [44].
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3.1.2 From Geometry to Phase-Contrast Projections

To turn the geometric snapshot into synthetic X-ray images, the pipeline must bridge
two domains: the discrete triangulated surfaces produced by the MD simulation and the con-
tinuous wavefield physics of X-ray propagation.

The first step is to assign X-ray optical properties to each mesh - complex index of
refraction (/3 - absorption, J - phase shift) discussed in Section 2.2. Both quantities depend on
the elemental composition and mass density of the material as well as on the photon energy,
and are retrieved for each mesh from the xraydb library [45] based on its chemical formula
and density. RBC and plasma meshes are assigned haemoglobin by default, with support for
custom material configurations via an external file. At the operating energy of 20 keV, the
phase contribution dominates strongly over absorption. This large difference is precisely why
conventional attenuation-based imaging produces almost no contrast from soft biological cells
at hard X-ray energies, and why phase-contrast detection is essential.

With material properties assigned, the surface meshes are rasterised onto a shared
three-dimensional Cartesian voxel grid, producing two scalar volumes: V3 and Vj, which en-
code the spatial distribution of the absorption and phase indices throughout the scene. The
grid resolution is set to match the coordinate units of the VTK files, ensuring that the physical
scale of the simulation is preserved without rescaling.

Parallel-beam projections are then computed by casting a grid of rays through these
volumes for each viewing angle, accumulating the line integrals of S and 0 along each ray
path to obtain the projection maps B and D in physical units. The raycasting is accelerated
on GPU via CUDA when available, with a CPU fallback for broader compatibility. A full set of
views is acquired by rotating the virtual detector around the sample over 180°, providing the
all-around coverage that novel-view synthesis requires.

Finally, the projection maps are passed through the phase-contrast forward model de-
scribed in Section 2.2. As detailed there, the model constructs the complex transmission func-
tion T'(x,y) (Section 2.2) at the sample exit plane, propagates the resulting wavefield to the
detector using the Fresnel transfer function, and computes the squared modulus of the propa-
gated field as the detected intensity. Then a Gaussian point spread function accounting for the
finite resolution of the detector is applied. The output is a physically realistic phase-contrast
hologram I,..q, exhibiting the characteristic bright-dark edge fringes produced by Fresnel

near-field diffraction, as illustrated in Figure 22.
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Figure 22: Simulated phase-contrast projections of RBCs at three viewing angles (X-ray en-
ergy 2 = 20keV, sample-to-detector distance z = 10 cm). The bright-dark fringes at cell
boundaries are characteristics of Fresnel near-field diffraction and carry the phase informa-
tion that the 3DGS model is trained to reproduce.

3.1.3 Dataset Packaging for 3DGS Training

The final stage converts the computed projections into the format expected by the
3DGS training framework. Each projection is paired with the known camera pose for that
viewing angle, represented as a camera-to-world transformation matrix. Because the imaging
geometry is fully determined analytically, there is no need for structure-from-motion recon-
struction or any other pose estimation step — the poses are computed directly from the angles
used during raycasting.

All projections in the set are normalised jointly to the range [0, 1] using a single global
min-max mapping. Using a common scale across all views is important: different viewing
angles through an asymmetric sample genuinely produce different mean intensities, and col-
lapsing each view to the same range independently would erase this physically meaningful
variation, which the model must learn to predict.

The views are partitioned into a training set and a test set, where test views are dis-

26



tributed uniformly across the full angular range rather than clustered at one end. An initial
point cloud, used to seed the Gaussian parameters before optimisation, is generated by sam-
pling points uniformly at random within the scene volume. The complete dataset — images
and camera poses (train/test) — is written in a layout compatible with the NeRF Synthetic for-
mat used by the 3DGS framework, allowing the standard training pipeline to be used without

modification.

3.2 Modified GS Pipeline for Phase-Contrast Tomoscopy

The standard 3DGS framework [29] was designed for photorealistic novel-view syn-
thesis: each 3D Gaussian carries spherical harmonic (SH) colour coefficients and an opacity
value, and a differentiable tile-based rasterizer alpha-composes them front-to-back into an
RGB image optimised against multi-view photographs. In the present work, this pipeline is
restructured into a physically motivated forward model for X-ray phase-contrast imaging. The

key modifications are:

+ Scene representation. SH colour coefficients and opacity are replaced by two scalar
material parameters per Gaussian—the absorption index [ and the refractive index decre-
ment 0. A density parameter is kept only for adaptive density control (pruning) and does

not enter the rendering equation.

« Projection geometry. Perspective projection is replaced by orthographic (parallel-

beam) projection, consistent with MHz-Tomoscopy.

+ Rasterization. Modified CUDA rasterizer outputs two channels—the accumulated ab-

sorption map B and the accumulated phase-shift map D—instead of three RGB channels.

« Phase-contrast forward model. This part converts the B and D maps into a predicted
detector intensity /j.q by applying the complex transmission function, Fresnel free-
space propagation and detector point-spread function (describes how a focused optical
imaging system responds to a point source of light, resulting in a blurred image rather

than a perfect point).

« Optimisation. Training proceeds in two phases: a material-only warmup in which ge-
ometry is frozen, followed by joint optimisation of all parameters once the material field
has stabilised. The training objective is a composite loss combining L1 reconstruction
error, structural similarity (SSIM) [38], a Fourier Ring Correlation (FRC) term [46, 47],
and a simplified Total Variation (TV) regulariser [48]. The whole loss function and its
components are explained later in this section (see Eq. 3.1). Multi-view batching and

anisotropy-aware regularisation further stabilises training.
Figure 23 illustrates the end-to-end architecture of the proposed pipeline.
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Figure 23: Proposed Gaussian Splatting pipeline for phase-contrast MHz-Tomoscopy.

Gaussian scene representation.

The scene is modelled as a collection of N anisotropic 3D

Gaussians. Rather than encoding colour and view-dependent opacity as in standard radiance

fields, each Gaussian carries the physical properties of the sample—specifically the complex

refractive index. The learnable parameters are summarised in Table 1.

Table 1: Learnable parameters of each Gaussian primitive.

Attribute Symbol Physical Interpretation

Position X 3D centroid in world coordinates

Scaling S Semi-axes of the ellipsoid

Rotation q Orientation via unit quaternions (compact rotation description)
Density d Geometric gating for pruning

Absorption index B Imaginary part of the refractive index

Refractive decrement ¢ Real-part deviation of the refractive index

Both 3 and 4 are constrained to be non-negative, since X-ray materials can only atten-

uate or retard the wavefront. This is enforced transparently during optimisation via a smooth
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activation function applied to the raw learnable values.

Each Gaussian has an ellipsoidal shape defined by its position, three scale values, and
an orientation quaternion. Rather than emitting colour as in a standard radiance field, each
primitive acts as a localised region of material: as the beam passes through the scene, it ac-
cumulates absorption and phase shift from all Gaussians along the ray path. Because X-ray
imaging involves no occlusion — every Gaussian contributes additively regardless of depth —

per-Gaussian opacity is fixed to one, and the density parameter is used only for pruning.

3.3 Training Stabilisation

Adapting 3DGS to sparse-view X-ray optimisation introduces several challenges: in-
stability during early iterations, degenerate Gaussian shapes, and high-frequency artefacts in
the predicted projections. A set of complementary enhancements addresses each of these in

turn.

Composite training objective. Each predicted projection I is compared to the ground-

truth measurement / using a composite loss:
L=0.756(1,1)+0.20 (1 — SSIM(I, 1)) + Lrv(I) + were(t) Lere(1, ). (3.1)

The dominant terms are the pixel-wise L1 error and the structural-similarity penalty (1 —
SSIM), which together drive the reconstruction towards accurate intensity values and cor-
rect spatial structure. A lightweight Total Variation term Ly [48] suppresses high-frequency
noise in the rendered projections without blurring the fringe patterns that carry the phase sig-
nal. A Fourier Ring Correlation term Lprc [46] further penalises mismatches at high spatial
frequencies, where fringe detail is concentrated; its weight wrgrc () starts at zero and increases
gradually over the first few thousand iterations, so that it only activates once the coarser L1
and SSIM fit is already established.

Simultaneous multi-view optimisation. Standard 3DGS optimises against a single ran-
domly selected view per iteration, which tends to overfit individual viewpoints and produce
conflicting gradient updates. Instead, V' views are sampled simultaneously per gradient step.
The loss in Eq. 3.1 is evaluated per view and averaged over the shared Gaussian parame-
ters before backpropagation. Views whose loss exceeds the batch gradient median have their
gradients detached, preventing any single poorly fitting view from destabilising the entire pa-
rameter set. The effect of varying V' is examined in Section 4.2; in practice, moderate V" offers

the best quality—cost trade-off for the scene complexity used here.

Anisotropy-aware regularisation and pruning. Multi-view training tends to produce

highly flattened Gaussians (needle or sheet-like shapes) that cause view-dependent artefacts.
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A regularisation term penalises Gaussians whose smallest-to-largest scale ratio falls below a
configurable minimum, weighted by a small factor. Complementarily, during periodic densi-
fication steps, Gaussians whose scale ratio falls below the same threshold are pruned outright
alongside those with low opacity, removing persistent degenerate primitives that regularisa-
tion alone cannot suppress.

Taken together, these enhancements yield more stable training dynamics, cleaner ge-
ometry, and improved reconstruction quality with negligible additional computational over-
head.

4 Results and Discussion

Holographic 3D Gaussian Splatting presents a reconstruction challenge that is funda-
mentally a joint compression and phase-retrieval task: the representation must simultane-
ously produce a compact, physically interpretable scene description and recover two distinct
material parameters — the absorption index /3 and the refractive-index decrement 6 — from
intensity-only detector measurements in which phase information is encoded solely through
the spatial structure of Fresnel fringe patterns.

The hologram intensity recorded at the detector is the squared magnitude of the prop-
agated complex wavefield. This measurement is irreversible: many (/3, J) distributions can
produce indistinguishable intensity patterns [7]. The reconstruction is therefore structurally
equivalent to an embedded phase retrieval problem, entangled within a larger scene optimi-
sation with no explicit phase-consistency constraint. The results that follow should be inter-
preted with this fundamental ill-posedness in mind, in particular, the gap between training and
test performance reflects the inherent ambiguity of the inverse problem rather than straight-

forward overfitting.

4.1 Experimental Setup and Evaluation Metrics

All experiments were conducted on a single time-step snapshot of the RBC molecular
dynamics simulation, using the simulation-based projection dataset described in Section 3.1.
Sixteen views were distributed uniformly on 180° of rotation and divided into 12 training
and 4 held-out test views using the interleaved schema described in Section 3.2. The imaging
geometry was fixed throughout: pixel size 3.2 pm, sample-to-detector propagation distance
2z = 10 cm, and a Gaussian detector point-spread function with o = 0.05 px.

Each run was optimised for 30 000 iterations with the Adam optimiser. The material
parameters were updated in isolation during the first 1 000 iterations (the warmup phase; Sec-
tion 3.3), after which the geometry was unlocked and adaptive densification was active be-
tween iterations 3 000 and 15 000. All other optimisation hyperparameters were kept constant

unless explicitly stated.
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Four categories of design choices were systematically varied:

1. Views per gradient step At each optimisation step, the model can be updated using
gradients accumulated from one or several projection views simultaneously. Using more
views per step provides a richer training signal but increases memory and computation
per iteration. We tested V' € {1, 2,4, 8} views, keeping the initial Gaussian count fixed
at Ny = 8k and evaluating both 8 and 16 projections dataset.

2. Initial Gaussian density The reconstruction begins from a cloud of randomly placed
Gaussians that are progressively refined. Starting with more Gaussians gives a denser
initial coverage of the volume but increases memory usage and training time. We tested
Ny € {8k, 32k, 98k, 244k} at fixed V' = 4, again across both 8 and 16 projection direc-

tions.

3. Learning-rate sensitivity Two sets of learning rates govern how quickly Gaussian
positions and shapes are updated: the position learning rate (p1r) controls spatial move-
ment, while the scaling+rotation learning rate (s1r) controls how fast each Gaussian’s
shape and orientation adapt. Starting from the 8k, V' = 4 baseline, we halved and
doubled each rate independently to assess sensitivity and identify a stable operating
range. The tested values were plr € {8 x 1075, 1.6 x 107%, 3.2 x 107"} and slr €
{5 x 107 1 x 1073, 2 x 1073}, where the middle value is the default in each case.

4. Physics and densification settings We tested four additional settings that control
physical realism and how the Gaussian cloud grows: the FRC weight (frc_max_weight),
how long geometry is frozen at the start (naterial_warmup), the anisotropy penalty
(lambda_scale_reg), and the densification threshold (densify_grad_threshold).
Each one was changed individually while keeping everything else the same. None of
these changes performed better than the default settings described in Section 3.3, so

these runs are not included in the eight main configurations reported below.

Following a systematic exploration of the optimisation space described above, eight repre-
sentative configurations were selected; their settings and final quantitative metrics are sum-

marised in Table 2.

Choice of evaluation metrics. A central finding of this work is that the choice of primary
metric has a decisive effect on which configuration appears “best”. Reconstruction quality is

measured on the each training run using five complementary metrics:

« PSNR (dB) and L1 — pixel-wise intensity error. These are the traditional primary metrics

in computer-vision novel-view synthesis.

« SSIM (Structural Similarity Index) — measures perceptual structural similarity including

luminance, contrast, and spatial structure.
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+ FRCM (Fourier Ring Correlation Metric) — a radially weighted mean of per-ring Fourier
Ring Correlation values across all spatial frequencies, where rings at higher radii receive
proportionally greater weight to emphasise fine fringe structure. FRCM lies in [0, 1];
higher values (towards 1.0) indicate greater spectral agreement between two images
[46, 47].

Table 2: Training configurations and final test-split metrics for selected eight runs. Ny — ini-
tial Gaussian count; V' — views per gradient step; Ny — final Gaussian count at iteration 30 000;
5/_ﬁ — mean per-Gaussian refractive-to-absorption ratio at convergence. Best values in each
metric column are in bold; for SSIM, FRCM, and PSNR higher is better, for L1 lower is better.
Learning rate (LR)-tuned runs are marked with 7.

Configuration Ny V SSIMiest FRCMiest PSNRest Lleest Ny /8

8k/ V=1 8k 1 0.692 0.072 15.1 0.126 86300 115
8k/ V=4 8k 4 0.756 0.068 16.0 0.117 18900 165
8k/ V=8 8k 8 0.803 0.072 17.2 0.103 2200 45
32k/ V=4 32k 4 0.539 0.025 18.0 0.097 17200 15
98k / V=4 98k 4 0.447 0.022 185 0.091 31400 12
244k / V =4 244k 4 0.449 0.028 19.7 0.080 36600 5
T 8k / plr=3.2e-4 8k 4 0.832 0.096 184 0.088 14000 26
T 8k / slr =2e-3 8k 4 0.870 0.094 19.5 0.070 10300 20

PSNR as a misleading metric. Before examining the individual trained models, it is essen-
tial to establish why SSIM and FRCM, rather than PSNR, serve as the primary quality metrics
in this work. In holographic reconstruction, PSNR is a misleading primary metric because
it rewards matching the mean background intensity without requiring correct fringe struc-
ture. Throughout this chapter, SSIM and FRCM are therefore adopted as the primary quality
metrics, with PSNR retained for reference and comparability with the broader 3DGS literature.

Figure 24 illustrates this problem directly, presenting the final test-split values of all
three metrics for every run, sorted by PSNR rank in each panel so that rank inversions become
immediately visible. The 244k configuration achieves the highest PSNR (19.7 dB) yet records
the lowest SSIM (0.449) and near-lowest FRCM (0.028). Conversely, the learning-rate-tuned
runs (slr = 2 x 1073, plr = 3.2 x 107%) reach only moderate PSNR (18.4-19.5 dB) while
dominating on both structural metrics: SSIM 0.832-0.870 and FRCM 0.094-0.096.
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PSNR misleads in holographic imaging — SSIM and FRCM reveal true quality

PSNR @ 30 k SSIM @ 30 k

« best PSNR, worst SSIM
19.72 244k - V=4 - 0.449

244k - V=4

8k - plr=3.2e-4 18.37 8k - plr=3.2e-4 0.832

14 16 18 20 0.4 0.5 0.6 0.7 0.8 0.9
Test PSNR (dB) Test SSIM

FRCM @ 30 k

244k - V=4 - 0.028

98k - V=4 I 0.022

8k - plr=3.2e-4 0.096

32k - V=4 . 0.025

0.02 0.04 0.06 0.08 0.10
Test FRCM score

Figure 24: PSNR, SSIM, and FRCM at iteration 30 000, with all panels sorted by PSNR rank.
The 244k run achieves the highest PSNR (19.7 dB) yet the lowest SSIM (0.449) and near-lowest
FRCM (0.028), while the learning-rate-tuned runs dominate on both structural metrics despite
only mid-range PSNR. This rank inversion demonstrates that PSNR rewards matching the
mean background intensity without requiring correct Fresnel fringe structure.

This rank inversion has a clear physical explanation. PSNR is a pixel-wise intensity
metric: a dense Gaussian cloud (244k primitives) can learn an accurate absorption fit that
matches pixel intensities on average, converging to a degenerate absorption-only solution
that never resolves the Fresnel fringes encoding the phase signal. SSIM and FRCM expose this
failure because they measure spatial structure and frequency-domain agreement, respectively,
penalising solutions that are photometrically close but structurally incorrect.

The implication extends beyond this experiment. Standard 3DGS benchmarks rank
methods primarily by PSNR, but for any imaging modality where the signal of interest is
encoded in spatial structure rather than absolute intensity, structural and frequency-domain

metrics are indispensable. All subsequent analysis in this chapter therefore uses SSIM and

33



FRCM as the primary criteria.

Training dynamics. All eight runs converge steadily, though with quite different dynamics
depending on the configuration. During the material-only warmup (iterations 1-1000), the
loss decreases smoothly as 3 and ¢ adjust while geometry remains frozen.

A distinctive feature of multi-view training is the aggressive pruning that follows the
end of densification at iteration 15 000. The final Gaussian populations in Table 2 vary by more
than an order of magnitude: the V' = 1 run retains approximately 86 000 primitives, whereas
the V' = 8 run converges to only 2 200. This contrast — illustrated in Figure 30 (bottom image)
— reflects a fundamental difference in how the two regimes constrain individual Gaussians.
In single-view mode, a primitive that explains one training view well is never penalised for
failing on others; it accumulates weak gradient signal and survives pruning. In multi-view
mode, a Gaussian that cannot simultaneously account for multiple angularly separated views
generates conflicting gradient updates, drives its effective density down, and is eventually
removed. Multi-view optimisation therefore acts as an implicit regulariser that enforces cross-

view structural consistency at the cost of a leaner final representation.

4.2 Model evaluation

Reconstruction quality overview. Figure 25 presents the primary quality overview: test
SSIM trajectories over training for all eight runs, together with bar charts of the final SSIM
and FRCM values. Two findings stand out immediately. First, the two LR-tuned runs (dashed
curves) dominate all others by a substantial margin: slr achieves a final SSIM of 0.870 and plr
reaches 0.832, compared to 0.803 for the third-best run (V' = 8). Second, SSIM trajectories
for the high-density runs (32k, 98k, 244k) degrade steadily after iteration 5000, converging
to values of 0.45-0.54 — far below even the baseline V' = 4 run at 0.756. This pattern is the
opposite of what PSNR suggests, underscoring the importance of the metric choice established
in previous Section 4.1.

The training loss curves shown in Figure 26 confirm this picture at the optimisation
level: LR-tuned runs maintain a consistently lower composite loss throughout training, whereas
the high-density runs exhibit stagnation or divergence after the densification phase ends, mir-
roring the SSIM collapse observed above.

Figure 28 presents a side-by-side comparison of the rendered hologram outputs (test
views) and the ground-truth projection across all eight runs. Runs with high SSIM and FRCM
successfully reproduce the characteristic Fresnel fringe structure: bright halos and dark edge
fringes at cell boundaries are visible in both the prediction and the ground truth. The overall
fringe spacing, relative contrast, and the intensity distribution across the field of view are
captured with good fidelity. The remaining runs either overfitted the fringe patterns or failed

to generalise to test views.
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Figure 25: Reconstruction quality overview. Top: Test SSIM over training for all eight config-
urations. Dashed curves denote LR-tuned runs. Middle: Final test FRCM score. The LR-tuned
runs (slr and plr) dominate both metrics by a wide margin. Bottom: Final test SSIM at itera-
tion 30 000 (sorted; striped bars = LR-tuned).
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Figure 26: Composite training loss over 30 000 iterations across all eight configurations. Al-
though the LR-tuned runs do not achieve the lowest training loss, they generalise more effec-
tively, as reflected in the test metrics—an instance of the bias—variance trade-off.
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Figure 27: Camera geometry for the 180°, 16-projection setting (Ny = 8k, plr = 3.2 x 10™%),
with rendered test projections at the final iteration (30 000). Some overfitting is visible at this
checkpoint; peak SSIM/FRCM performance is¥hown in Figure 28.
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Figure 28: Reconstruction quality across eight representative runs for all four test views ren-
dered at approximately iteration 10 000 (near the FRCM/SSIM peak for each run). Of the top-
performing configurations, the 8k/" =8 run produces visually coherent holograms; however,
the underlying geometry is not fully recovered, and certain RBCs are absent from some view-
points.
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The reconstruction illustrated in Figure 29 shows the predicted intensity and the learned
B (absorption) and D (phase) projection maps at training iteration 30 000. At iteration 1000,
the rendered output is nearly featureless: the B and D maps carry little spatial structure and
the predicted hologram matches only the broad background level. The D map already shows
the earliest hint of the RBC position at its peak, yet as training progresses it begins to overfit in-
dividual views, and phase artefacts become visible in the final renders (Figure 28). By iteration
30000, the fringe pattern is clearly reproduced and the D map has sharpened considerably,
resolving cell boundaries with greater fidelity; however, some phase overfitting persists at
this stage. The B map remains close to zero throughout, consistent with the near-transparent

character of soft biological tissue at the X-ray energies used.

Early Mid

—
il

GT

Rendered

Figure 29: Progression of reconstruction quality for the slr = 2 x 1072 run (training views)
at training steps 5000, 15 000, and 30 000 (columns). Rows from top: ground truth hologram,
rendered hologram, absorption projection map B, and phase projection map . The D map
evolves from a point cloud into a spatially structured representation of the phase-shifting cells;
B remains low throughout, confirming the phase-dominant character of the scene.

Views per iteration. Figure 30 examines the effect of the multi-view batch size ' on recon-

struction quality and Gaussian population dynamics. The top panel plots FRCM over training
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for V e {1,4,8} (all with Ny = 8k), with the best overall run (slr) shown as a dashed reference.

The bottom panel shows the corresponding Gaussian count evolution.
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Figure 30: Overview of FRCM score and Gaussian population dynamics. Top: Test FRCM
over training. Stars mark the peak FRCM for each V; the slr reference (dashed) is included for
context. V' = 1 and V' = 4 both peak at iteration 7 000, while V' = 8 peaks later at 15 000.
All runs degrade slowly in FRCM after their peak as well as in SSIM (see Figure 25). Bottom:
Gaussian population dynamics. The V' = 1 run explodes to 86k Gaussians, while V' = 8
prunes aggressively to only 2k.

Two patterns are evident. First, FRCM peaks mid-training (at iterations 7 000-15 000)
rather than at the final checkpoint for all three configurations — an observation with important
implications for early stopping (Section 4.2). Second, the V' = 1 run grows to 86 000 Gaussians
in the absence of cross-view pruning pressure, yet its peak FRCM (0.089 at iteration 7 000) is
reached and then rapidly lost as over-densification buries the fringe signal under redundant
primitives. Figure 25 further shows that SSIM is substantially lower for V' = 1 (0.692 versus
0.870 for the best run) than for the other configurations. Without cross-view gradient averag-
ing, the optimiser cannot exploit the geometric consistency information latent in the 12-view
training set (4 test views), and many Gaussians settle at locally correct but globally inconsis-
tent positions. The result is a dense, loosely constrained population that reproduces individual
views with moderate fidelity but generalises poorly.

The V = 4 and V' = 8 configurations impose stricter cross-view constraints. V' = 8
prunes most aggressively, reducing the final Gaussian count to 2 200; however, this extreme
pruning discards primitives that contribute to reconstruction fidelity, resulting in a final FRCM
of 0.072 — comparable to the IV = 1 baseline — despite achieving the highest SSIM of 0.803
among the V-ablation runs. Although the geometry appeared more consistent under this set-
ting, certain RBCs were absent in some views. V' = 4 retains a moderate final population of

18 900 Gaussians and achieves the highest baseline FRCM peak among the compared config-
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urations, making it the natural candidate for further parameter tuning.

Initial Gaussian density. A natural expectation is that denser initialisation improves re-
construction quality by putting more Gaussians close to the true sample shape. However,
neither SSIM nor FRCM support this expectation, as shown in Figure 31 and 32.
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Figure 31: Density ablation (V' = 4). Test SSIM over training for 32k, 98k, and 244k initial
Gaussians, with the LR-tuned 8k runs (dashed) as reference.
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Figure 32: Density ablation (V' = 4). Test FRCM over training for the same runs. All high-
density runs converge to SSIM < 0.55 and FRCM < 0.03, far below the LR-tuned 8k references
that achieve SSIM > (.83 and FRCM > 0.09.

All three high-density runs — 32k, 98k, and 244k, each with V' = 4 — converge to SSIM
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values of 0.45-0.54 and FRCM values of 0.02-0.03, far below the 8k baseline (V' = 4, SSIM =
0.756) and dramatically worse than the LR-tuned 8k runs (SSIM 0.83-0.87, FRCM 0.09-0.10).
The degradation is progressive: the SSIM trajectories decline steadily from their initial values
throughout training.

This counterintuitive result reflects a failure of the default learning-rate schedule at
high Gaussian counts. At the default position learning rate, these Gaussians move too ag-
gressively during densification, creating view-dependent absorption artefacts that improve
PSNR (by matching the per-pixel mean intensity) but destroy structural fidelity. The result
is a degenerate solution in which the model fits the background component of the hologram
rather than the fringe pattern — precisely the failure mode detected by the SSIM/FRCM metric
analysis in Section 4.1.

The key insight is that learning-rate tuning on a sparse point cloud initialisation (Vg =
8k) outperforms a 30 X increase in Gaussian count at the default learning rates on the metrics
that matter for phase-contrast imaging. This implies that the bottleneck is not representa-
tional capacity but rather the optimisation dynamics — a finding with substantial practical

importance, since lean initialisations are faster to train and require less GPU memory.

Early stopping and FRCM peaking. An unexpected finding from the model training is
that FRCM peaks mid-training and then degrades, even as the total loss continues to decrease.

Figures 33,34 examine this pattern across all eight runs.
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Figure 33: Test FRCM over training for all eight runs. Stars mark the peak FRCM for each
run. The vertical dashed line marks the end of the densification window (iteration 15 000).
Most runs peak before or near this boundary.
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SSIM over training (x = peak per run)
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Figure 34: Test SSIM over training. SSIM either peaks early (high-density runs, V' = 1) or
grows steadily (LR-tuned runs) and peaks around 10k and decline afterwards.

For the V' = 1 and V = 4 baselines, FRCM peaks near iteration 7000; for V' = §,
the peak occurs around 15 000; and for the LR-tuned runs, FRCM peaks around 10 000-15 000
before slowly declining. The pattern is consistent: continued optimisation after the densifica-
tion window improves the pixel-level fit (reducing L1 loss) but smears high-frequency fringe
detail. This seems to occur because late-stage training mostly adjusts material parameters (3,

0) on relatively settled geometry.

4.3 Discussion

Physical interpretability of learned parameters. Beyond image-quality metrics, an im-
portant question is whether the learned Gaussian parameters are physically meaningful —
that is, whether the model has converged to values of 5 and § that are consistent with the
known material properties of the sample. For haemoglobin at the X-ray energies relevant to
this experiment, the refractive-to-absorption ratio §/f is expected to lie in the range of ap-
proximately 500-2000 [45], reflecting the strongly phase-dominant regime of soft biological
tissue at hard X-ray energies. Figure 35 presents the evolution of two key physical diagnostics

across all runs: the mean per-Gaussian ¢ /3 ratio.
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6/B ratio evolution
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Figure 35: Material parameter evolution over training. Mean per-Gaussian 0/( ratio. The
shaded band marks the physically expected range for haemoglobin (500-2000). All runs settle
at much lower ratios (= 5 — 165).

All runs converge to much lower ratios (= 5 — 165) than expected, substantially below
the haemoglobin reference value. This pattern admits a clear interpretation in terms of the
ill-posedness of phase retrieval. Multi-view optimisation introduces constraints that restrict
which parameter combinations can simultaneously explain multiple angular projections, but
these constraints do not uniquely find out the right 6/ ratio — they just select one from the
many feasible solutions.

The resulting local minimum happens to have smaller 0 values relative to /3, corre-
sponding to a less phase-dominant material representation, even though the predicted holo-
grams are reconstructed with higher structural fidelity. Nevertheless, this lower ratio could be
the result of splats representing the background (zero 0), pulling the overall ratio down.

Crucially, the values in Figure 35 are consistent with the picture shown in Figure 29: B
maps remain close to zero while D maps carry most of the reconstructed signal. This qualita-
tive correctness — the model knows the sample is phase-dominant, even if the absolute scale
of ¢ is not precisely matched — is a meaningful result in its own right.

This directly motivates the incorporation of a single-material prior (constraining the
d/p ratio to the known value of hemoglobin at given X-ray energy), which would collapse
the search for parameters to a one-dimensional subspace, potentially improving the overall

quality of reconstruction. However, such a prior would only be applicable to single-material
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samples; for multi-material specimens the §/f ratio can differ substantially.
The experimental results establish several key findings for phase-contrast Gaussian

splatting:

1. Metric choice is decisive. PSNR misleads by rewarding background absorption fits. For
any imaging modality where the signal of interest is encoded in spatial structure — as in holo-
graphic phase-contrast imaging — SSIM and frequency-domain metrics like FRCM should
serve as the primary evaluation criteria. This finding has implications beyond this specific
pipeline: it applies to any neural scene representation trained on holographic or interferomet-

ric data.

2. Learning-rate tuning outperforms brute-force scaling. The two best configurations
(slr = 2 x 1073, SSIM = 0.870; plr = 3.2 x 10~* FRCM = 0.096) use only Ny = 8k initial
Gaussians — 30 times fewer than the 244k configuration that leads on PSNR. The bottleneck
is not representational capacity but optimisation dynamics: the learning-rate schedule deter-
mines whether the model converges to a physically meaningful phase-contrast solution or a

degenerate absorption-only fit.

3. Moderate Gaussian populations are optimal. Final Gaussian counts in the 8000-
15000 range correlate with the best structural quality. Too few Gaussians (2200 at V' = 8)
lack the spatial resolution to represent fringes; too many (86 300 at V' = 1 or 36 600 at 244k)

enable view-dependent overfitting.

4. Physical correctness. As established in Section 4.3, the learned ¢/ ratios are substan-
tially lower than the physically expected values for haemoglobin, confirming that structural
fidelity and physical accuracy correspond to different optima within the phase-retrieval land-
scape. Incorporating a § /5 prior would constrain the search to the physically correct subspace

and represents the most direct way of improving the accuracy of the reconstruction.

Sparse-view regime. The use of 12 training views over 180° represents a severely under-
sampled angular regime relative to standard computed tomography. The multi-view training
strategy substantially mitigates this by jointly constraining the scene from multiple angles
in each gradient step, but cannot recover information that is simply absent from the 16-view
dataset. Increasing the number of available views would be expected to improve test gener-
alisation considerably. However, when considered in the context of MHz-Tomoscopy, a set of
16 views is relatively generous. Moreover, recent extensions of 3D Gaussian Splatting specifi-
cally target the sparse-view setting and could be leveraged here. In particular, the availability
of large-scale experimental datasets suggests the possibility of incorporating a dedicated neu-

ral component to enable 3DGS to better infer structure from a limited number of viewpoints.
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Computational considerations. All runs completed in a relatively short time on a single
GPU (NVIDIA A100, 40 GB), with a modest memory footprint. Even at the maximum setting
of V' = 8, memory usage remained around 10 GB throughout training. The learning-rate-
tuned configuration with (V' = 4) achieved an iteration time of approximately 30 ms, com-
pleting 30,000 iterations in about 15 minutes. Stopping at the FRCM/SSIM peak (iterations
7 000-10 000) would reduce this to approximately 5 minutes. This is well within the practi-
cal timescales of beamtime experiments, suggesting that near-online reconstruction is feasible

with the proposed method.

Implications and outlook. The results demonstrate that the adapted 3DGS framework
provides a viable, differentiable forward model for phase-contrast tomography as well as for
MHz-Tomoscopy, capable of recovering a spatially structured scene representation from as
few as 16 synthetic projections. The pipeline correctly models Fresnel propagation physics,
reproduces qualitative fringe structure, and learns a representation in which the phase signal
dominates over absorption. Preliminary observations on experimental XFEL data are consis-
tent with these findings, suggesting the pipeline is viable beyond the synthetic setting.

The primary limitation seems to be the ill-posedness of the inverse problem, which
manifests as physically inaccurate § /3 ratios and the ultra-sparse regime of the MHz-Tomoscopy.
Besides the priors discussed in Paragraph 4.3 above, several more techniques could improve

the reconstruction quality:

« Combined plr and slr tuning, potentially capturing both the structural (SSIM) gains
of slr and the frequency-domain (FRCM) gains of plr simultaneously;

« SSIM/FRCM-based early stopping or checkpoint selection.

A further priority is extending the framework to multiple molecular dynamics time-
steps for an initial assessment of 4D reconstruction capability — the ultimate objective of ap-

plying Gaussian Splatting to MHz Tomoscopy.

5 Conclusion

This thesis addressed the challenge of reconstructing volumetric structure from the
severely limited number of projections available in MHz-Tomoscopy — a technique capable
of imaging dynamic processes at sub-microsecond timescales but constrained, in practice, to
only a handful of simultaneous angular views [2, 3]. A parallel challenge is the volume of data
produced at MHz rates and the imperfections of the instrumentation, which together demand
a scene representation that is compact enough for efficient storage and fast enough to sup-
port near-online post-processing. The central question was whether 3D Gaussian Splatting,

adapted to the physics of X-ray phase-contrast imaging, could serve as an effective, computa-
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tionally tractable, and compact representation that addresses both the reconstruction and the
data-management challenges simultaneously.

To enable controlled evaluation in the absence of large annotated experimental datasets,
a forward simulation pipeline was developed that generates physically realistic phase-contrast
holograms from molecular dynamics snapshots of RBCs flowing through a model microfluidic
channel. The pipeline models the complete X-ray imaging chain — from material assignment
and voxelisation, through raycasting, to Fresnel free-space propagation — and outputs syn-
thetic projections with the characteristic bright-dark edge fringes of near-field diffraction.
The standard 3DGS framework was then significantly modified to accommodate this imag-
ing physics: spherical harmonic colour coefficients were replaced by per-Gaussian absorption
(B) and refractive-index decrement (J) parameters, perspective projection was replaced by
parallel-beam geometry, and a fully differentiable phase-contrast forward model was embed-
ded in the rendering pipeline. Training was stabilised through a composite loss and simulta-
neous multi-view gradient accumulation.

The experiments demonstrated that the adapted framework can recover spatially struc-
tured phase-contrast reconstructions from 16 synthetic projections (12 training and 4 held-out
test views) in approximately 15 minutes on a single GPU. A central finding concerns metric
selection: PSNR proved to be a misleading indicator for holographic reconstruction, as it re-
wards matching the background intensity without penalising incorrect fringe structure. SSIM
and the Fourier Ring Correlation Metric (FRCM) were found to be more appropriate primary
metrics, and this observation likely generalises to any scene representation, whether neural or
not, trained on holographic or interferometric data. Contrary to intuition, increasing the ini-
tial Gaussian count from 8k to 244k degraded structural quality, revealing that the bottleneck
is optimisation dynamics rather than representational capacity. Targeted learning-rate ad-
justments on a lean 8k initialisation produced the best results (SSIM = 0.870, FRCM = 0.096),
and multi-view training acted as an implicit regulariser that enforced cross-view geometric
consistency. The learned material fields were qualitatively correct — phase-projection maps
dominated, while absorption remained near zero — but the per-Gaussian ¢/ ratios were sub-
stantially lower than the expected physical values, a consequence of the inherent ill-posedness
of the embedded phase retrieval problem.

Several improvements follow directly from the experimental analysis and are discussed
in Section 4.3: incorporating a single-material 6/ or phase-retrieved prior, further adjust-
ing and combining learning-rate modifications, adopting FRCM-based early stopping, and ex-
tending the framework to multiple time-steps for an initial evaluation of 4D reconstruction.
Beyond these, two broader directions appear particularly promising. Because the Gaussian
primitives are explicit and spatially localised, physical constraints can be embedded directly
in the training objective — for instance, penalising changes in primitive volume to encourage
incompressibility, or coupling neighbouring primitives to preserve local structural coherence.

Such constraints could provide additional regularisation in the sparse-view regime where the
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projection data alone cannot fully constrain the solution. The particle-based nature of the
representation makes it natural to couple the reconstructed scene to a differentiable physi-
cal simulator, so that the imaging model and the dynamical model can be optimised jointly.
This would open a path towards inferring both 3D structure and material dynamics from the
experiments — the long-term objective of MHz-Tomoscopy.

Overall, 3D Gaussian Splatting proves to be a well-suited representation for MHz-
Tomoscopy experiments: the sparse, particle-based scene description provides the compact
storage and efficient forward-pass evaluation that the data-volume demands of these experi-
ments require, the differentiable physics-based forward model enables quantitative recovery
of the complex refractive index without ground-truth volume supervision, and the optimisa-
tion converges within timescales compatible with beamtime constraints. The framework is
expected to find broad application across phase-contrast imaging modalities wherever sparse
angular sampling and near-online reconstruction are requirements. The most immediate pri-
ority is validation against real XFEL projections, where the number of available views is fixed
at four and the imaging conditions introduce noise and geometric imperfections not present

in the synthetic setting.
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6 Resumé

Tato diplomova praca sa zamerala na rekonstrukciu trojrozmernej struktury z obme-
dzeného poctu rontgenovych projekcii, aky je k dispozicii v MHz-Tomoskopii. MHz-Tomoskopia
je zobrazovacia technika, ktora namiesto rotacie vzorky zachytava viacero projekcii naraz po-
mocou jedného pulzu réntgenového lasera, ¢im umoziuje sledovat dynamické procesy — Sire-
nie $okovych vIn, kavitaciu alebo vznik trhlin — pri opakovacich frekvenciach v radoch MHz.
Cenou za toto vysoké c¢asové rozlisenie je len niekolko simultannych uhlov pohladu, ¢o robi
inverznu ulohu rekonstrukcie vazne poddeterminovanou. Prakticku vyzvu este prehlbuje ob-
jem dat produkovanych pri MHz frekvenciach a nedokonalosti zobrazovacieho instrumentu:
tieto faktory spolo¢ne vyzaduju reprezentaciu scény, ktora je dostato¢ne kompaktna na efek-
tivne ukladanie a dostato¢ne rychla na spracovanie v takmer redlnom case. Problém sa dalej
komplikuje tym, ze makké biologické tkaniva rontgenové ziarenie predovsetkym fazovo posu-
vaju a takmer neabsorbuju, takze klasické absorpéné rekonstrukéné metédy — FBP aj SIRT —
pri takom malom pocte projekcii produkuji zavazné artefakty a nedokazu exploitovat fazovy
kontrast.

V praci sme skumali, ¢i metéda 3D Gaussian Splatting (3DGS), pdvodne vyvinuta pre
pocitacovu grafiku, dokaze po Gprave na fyziku rontgenového zobrazovania efektivne rekon-
Struovat fazovo-kontrastné obrazy z obmedzeného poctu projekcii a zaroven poskytnit kom-
paktnu reprezentaciu vhodnu pre tomoskopické experimenty. V teoretickej ¢asti sme zhrnuli
principy MHz-Tomoskopie, fazovo-kontrastného zobrazovania a tomografickej rekonstruk-
cie, a porovnali dostupné pristupy k reprezentacii 3D scény — voxelové mriezky, point clouds,
neurénové radiacné polia (NeRF) a Gaussian Splatting. Z hladiska pamaéte a skalovatelnosti
ma kazdy z tychto pristupov odlisné vlastnosti: voxelové mriezky rasta kubicky s rozlisenim
(O(N?)), NeRF vyzaduje vyhodnocovanie neurénovej siete pre kazdy vzorkovaci bod, zatial ¢o
3DGS uchovava iba kompaktni mnozinu parametrov primitivov a rasterizuje ich v jedinom di-
ferencovatelnom prechode bez volani neurénovej siete. Pre scény s riedkym poc¢tom objektov,
akymi sa napr. cervené krvinky v mikrofluidickom kanali, to znamena vyrazne nizsiu pama-
fovi stopu a kratsi ¢as vypoctu oproti obom alternativam. Dalej sme ukézali, Ze NeRF-zaloZzeny
model ONIX, hoci slubny pre rekonstrukciu z malého poc¢tu pohladov, pracuje vyhradne v ab-
sorpénom rezime a nedokaze modelovat fazové efekty dominantné v MHz-Tomoskopii.

KedZe realne experimentalne data zo zariadenia s viacerymi simultannymi projekciami
zatial nie si dostupné v dostato¢nej kvalite, vyvinuli sme simula¢nu pipeline, ktora sluzi ako
generator referencnych dat. Cervené krvinky prudiace mikrofluidickym kanalom boli simu-
lované softvérom ESPResSo s vyuzitim coarse-grain geometrickych modelov buniek; kazdej
krvinke boli priradené rontgeno-optické vlastnosti — absorpcny index 3 a dekrement indexu
lomu § — vypocitané z Henkeho tabuliek atoémovych rozptylovych faktorov pre hemoglobin.
Nasledne sa vypocitali projekcie na detektore pomocou raycastingu, zostrojila sa komplexna

transmisna funkcia a Fresnelovym propagatorom sa propagovalo vinové pole na detektor, ¢cim

48



vznikli hologramy s charakteristickymi okrajovymi priazkami fazového kontrastu. Pouzitie
syntetického datasetu nAm umoznilo presne kontrolovat zobrazovacie podmienky a porovna-
vat vysledky rekonstrukcii voci ground truth.

Samotny 3DGS framework sme podstatne upravili: namiesto farby nesie kazdy Gaus-
sian materialové parametre absorpéného indexu /3 a dekrementu indexu lomu 6, perspektivna
projekcia bola nahradena rovnobeznou geometriou zodpovedajucou MHz-Tomoskopii a do
pipeline sme zabudovali plne diferencovatelny fyzikalny model Fresnelovho $irenia vlnového
pola vratane funkcie rozptylu bodu detektora. Vypustenim sférickych harmonickych koefi-
cientov farebného renderovania a ich nahradenim dvojicou skalarov (3, d) sa pocet paramet-
rov samotnych primitivov vyrazne znizil, ¢o priamo prispieva ku kompaktnosti reprezentacie.
Tréning sme stabilizovali kompozitnou funkciou straty kombinujicou L1 chybu a strukturalnu
podobnost SSIM, pricom sme trénovali sicasne na viacerych pohladoch naraz, ¢o sluzilo ako
implicitny regularizator vynucujuci konzistenciu naprie¢ roznymi pohladmi.

Experimenty sme realizovali na jednej ¢asovej stope simulacie ¢ervenych krviniek s 16
projekciami, z ktorych 12 sluzilo na trénovanie a 4 na testovanie. Rekonstrukcia zo 16 projekcii
trvala priblizne 15 minut na jedinom GPU, ¢o je v ramci praktickych ¢asovych moznosti be-
amtimovych experimentov na EuXFEL. Klucovym zistenim bolo, Ze bezne pouzivana metrika
PSNR je pre hodnotenie holografickej rekonstrukcie nevhodna — odmenuje zhodu priemerne;j
intenzity pozadia, nie spravnost struktury Fresnelovych prazkov. Potvrdili sme to experimen-
talne: konfiguracia s najvyssim poctom Gaussianov (244k) dosiahla najvyssi PSNR, ale zaroven
najnizsi SSIM (0,449) a takmer najnizsi FRCM (0,028), zatial ¢o konfiguracie s doladenymi po-
mermi ucenia na riedkej inicializacii (8k Gaussianov) dominovali v oboch strukturalnych met-
rikach (SSIM = 0,870, FRCM = 0,096). Ukazalo sa tiez, ze spravne nastavenie pomeru ucenia
prekonéva tridsatnasobné zvysenie poctu primitivov, ¢o poukazuje na to, ze hlavnou prekaz-
kou kvalitnej rekonstrukcie je optimaliza¢na dynamika, nie kapacita reprezentacie.

3D Gaussian Splatting sa ukazuje ako vhodny pristup pre rekonstrukciu fazovo-kon-
trastnych obrazov z obmedzeného poctu projekcii v tomoskopickych experimentoch. Riedka
reprezentacia scény pomocou Gaussovych primitivov priamo riesi poziadavky na kompaktné
ukladanie a rychle spracovanie dat charakteristické pre MHz-Tomoskopiu: namiesto kubicky
rastucej voxelovej mriezky postacuje ulozit iba parametre aktivnych primitivov, ¢o pri ried-
kych scénach tohto typu predstavuje vyrazna asporu pamite a umoznuje skalovanie na vacsie
objemy bez zodpovedajiceho rastu pamatovych narokov. Nauc¢ené materialové polia boli kva-
litativne spravne — fazové mapy dominovali a absorpcia zostala blizko nule — ¢o odraza fyzi-
kalnu realitu fazovo dominantnych biologickych tkaniv. Absoldtne hodnoty pomeru § /3 vsak
nezodpovedali fyzikalne ocakavanym hodnotam pre hemoglobin, ¢o je dosledkom inherent-
nej nejednoznacnosti fazovej rekonstrukcie; tento problém by mohol byt Ciasto¢ne vyrieseny
zavedenim fyzikalneho prioru fixujiceho pomer §/f. Predbezné pozorovania na experimen-
talnych datach z EuXFEL su konzistentné s tymito zisteniami, ¢o naznacuje, Ze pipeline je

pouzitelna aj mimo syntetického prostredia. Dalsimi smermi budtcej prace su rozsirenie na
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viacero ¢asovych krokov pre hodnotenie 4D rekonstrukcie a validacia pipeline na realnych
experimentalnych datach so styrmi simultannymi projekciami, pre ktoré je MHz-Tomoskopia
primarne urcena. Ocakavame, Ze metdda najde siroké uplatnenie vo fazovo-kontrastnom zo-

brazovani.
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