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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
zloZen4 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 zahfiajicim Fresnelovo $irenie vinového pola
a funkciu rozptylu bodu detektora, a implementovanie fazovej rekonstrukcie priamo do
optimalizacie. Vysledky ukazuju, Ze upraveny framework dokaze rekonstruovat fazovo-
kontrastné zobrazenia zo 16 syntetickych projekcii za priblizne 15 minut na jedinom GPU,
¢o je v ramci praktickych ¢asovych moznosti meracich ¢asov na XFEL. Doélezitym ziste-
nim je, Ze bezna metrika PSNR je pre hodnotenie holografickej rekonstrukcie nevhodna;
vhodnej$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.

Kracové slova: MHz-Tomoskopia, réntgenové fazovo-kontrastné zobrazovanie, 3D Gaus-
sian Splatting, rekonstrukcia z riedkeho poCtu projekcii, Fresnelov propagéator, 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-o is a severely limited number of simultaneous
views, making high-quality 3D reconstruction challenging. The practical di culty 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 e cient 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 wave eld to the detector via the Fresnel di raction integral, pro-
ducing synthetic phase-contrast holograms that model the full imaging chain. Second, we
adapted 3D Gaussian Splatting (3DGS) as an e cient, di erentiable 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 indeand refractive-index
decrement of the local material. Unlike implicit neural representations, 3DGS rasterises
all primitives in a single di erentiable forward pass without per-sample neural network
queries, yielding signi cant computational savings over both NeRF and voxel-based meth-
ods. The key modi cations 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 nding 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-contrastimaging, 3D Gaussian Splatting, sparse-
view reconstruction, Fresnel propagation, molecular dynamics



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



Contents

1 Introduction 1
2 Theoretical Background 2
2.1 Tomography, Tomoscopy and Dynamiclmaging . . . . . .. ... ... .... 2
2.2 Phase-contrastimaging . . . . . . . . ... e e 3
2.3 Tomographic Reconstruction . . . . . . . . . . . . . .. ... .. 7
2.4 Common 3D Data Representations . . . . . . . . ... ... ... ... ..... 11
2.5 Implicit Neural Scene Representations (NeRF) . . . .. ... .. ... ..... 13
2.6 Physics-Informed Neural Networks . . . . . . .. ... .. ... ........ 15
27 3DGaussianSplatting . . . . . ... 17
2.7.1 SceneRepresentation. . . .. . ... ... ... .. .. ... 17
2.7.2 RenderingPipeline . . . . ... ... ... .. 17
2.7.3 Optimization . . . . . . . . . . e 19
2.8 ONIX . . e 21
3 Materials and Methods 23
3.1 Simulation-Based Dataset Generation . . . . . . . .. ... ... ... ..., 23
3.1.1 Molecular Dynamics Simulation. . . . . . ... ... ... ....... 24
3.1.2 From Geometry to Phase-Contrast Projections . . . . . ... ... ... 25
3.1.3 Dataset Packaging for 3DGS Training . . . . . ... ... .. ..... 26
3.2 Modi ed GS Pipeline for Phase-Contrast Tomoscopy . . . . . . . . .. .. .. 27
3.3 Training Stabilisation . . . . . . . ... 29
4 Results and Discussion 30
4.1 Experimental Setup and EvaluationMetrics . . . . . . ... ... ... ..... 30
4.2 Modelevaluation . . . . .. .. ... 34
4.3 DISCUSSION . . . . o o e e e e e 42
5 Conclusion 45
6 Resumé 48
References 51



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 ovE8@ range. MHz-Tomoscopy
presents a compelling alternative, o ering 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 e ective data Iltering and an internal scene representation compact enough for
e cient 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.

1



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 leas80 relative to the X-ray beam [2, 3].

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 ux (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 signi cantly 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 wave eld from a limited
number of intensity-only projections a fundamentally more ambiguous task than classical
absorption CT, as discussed in the following sections.



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 coe cient derived from the
intensity loss (Beer-Lambert law; see Eq. 2.8 and Section 2.3). This approach is often insu -
cient for phase objects materials with low attenuation but signi cant phase-shift properties,
such as soft tissues or polymers. In these cases, edges may be invisible or poorly de ned in
absorption-based reconstructions. To recover these structures, one must exploit the phase
component of the X-ray wave eld [7].

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

n=1 +i; (2.1)

where refers to absorption and represents the refractive index decrement responsible for
phase shifts. For soft biological materialsjs typically several orders of magnitude larger
than , meaning that phase e ects dominate absorption e ects [7, 8].

Under the projection approximation, the interaction of X-ray wave eld with the sample
is described by the complex transmission functidi{x;y). De ning the magnitude of the
wave-vector ak = 2 = , the transmission function is given by:

z Z
T(x;y)=exp Kk (x;y;2)dz  exp ik (x;y;2)dz (2.2)

This can be decomposed into the amplitud€x; y) and phase (x;y) projections along the



optical axisz:

A(X;y) = exp k (x;y;2)dz (2.3)
Z
(xy)= k (xy;2)dz (2.4)

Thus, T(x;y) = A(x;y)expli (x;y)]. [7]

The wave eld evolves over a propagation distang&ia the Fresnel di raction integral.
Mathematically, this is represented as a convolution of the exit wave Bltk; y; 0) = T(Xx;y)
with the Fresnel propagatoP (x;y; z):

U(x;y;z) = U(x;y;0) P(x;y;2) (2.5)

where the free-space propagator is de ned as:

ikz i 2 2
P(X;y;z): el_exp M :

iz 2z (2.6)

The physical quantity captured by the detector is the intensitfx; y), which corresponds to
the squared magnitude of the propagated wave eld:

L(x;y) = jUXy;2)i% = jU(%y; 0) P(xy;2)i%: (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 e ect 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-
tanced de nes the forward measurement model and introduces a trade-o between spatial
resolution and the compactness of the signal in the frequency domain. Spatial resolution de-
scribes how well the imaging system can distinguish ne 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-o appears in di erent propagation regimes:

" Far- eld (Fraunhofer regime): The object eld undergoes a Fourier transform, and
the detector measures only the intensity distributigff Ugj?>. Because phase infor-
mation is not recorded, reconstruction requires phase-retrieval algorithms or additional

4



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- eld (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- eld di raction 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 the measured intensity remains close to the object
plane, preserving a higher spatial resolution, although phase information may only be weakly
encoded. Ag increases, the diraction 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]



Figure 4. (a) Coherent X-ray wave eld interferes with light scattered from the sample, pro-
ducing an interference pattern that encodes the object's phase and absorghpmhe 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 indekrom
measured intensities. Recovering the refractive-index decremdmm intensity-only mea-
surements, however, is non-linear: because phase information is discarded at the detector,
many di erent 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 con ned to a known
bounded region of the eld 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 stelsrative 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-precisiorreconstructions from
intensity-only measurements, thus ful lling the promise of phase-contrast imaging for dy-
namic, soft biological specimens.

Figure 5: (a) actual experimental images from EuXFEL at three di erent 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 de ned angular rang&80 to 360 ). The fundamental unit
of this data is the projection image, where each row of pixels corresponds to a speci ¢ 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 azidunder 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 indéx) (accumulated
absorption along the ray) [7]. Speci cally, the measured intensitly is related to the incident



intensity | o by the following equation:

| = lgexp (r)yds : (2.8)

The Beer-Lambert coe cient the linear attenuation coe cient used in classical CT
captures the total reduction in beam intensity through two mechanisms: absorption (photon
energy deposited in the material) and scattering (photons de ected out of the beam) [7]. In the
wave-optics framework adopted here, this role is taken by the imaginary past the complex
refractive index; the two are related by = 2k , 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. is therefore called the absorption index and is
used consistently in place of throughout.

While phase contrastimaging exploits the refractive index decremén}, standard CT
focuses on recovering the distribution of(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 [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 nal three-dimensional volume. The quality of this reconstruction is
highly dependent on the sampling density, as demonstrated in Figure 6, where insu cient
angular sampling leads to signi cant 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 e ciency. FBP directly back-projects the Itered 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 di erence between measured projections and
simulated projections generated from the current volume. While these methods o er supe-
rior noise suppression and artefact reduction, they are computationally intensive and do not
resolve the angular sparsity problem [3].



Figure 6: E ect 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 (Eg. 2.8) an explicit computational
form by parameterising each X-ray as a ray with origip unit directiond, and path coordinate
t 2 [0;D][19, 20]:

Z D

| = loexp (o+ td)dt : (2.9)
0

The quantity actually used in reconstruction is the projection dd®a de ned as the
negative log-ratio of transmitted to incident intensity. This reduces the exponential to a line
integral of the absorption index [20, 21]:

Z D

Lo 7 o+t (2.10)
lo 0

P= 1In
Because the volume is stored as a discrete grid of voxels, the continuous integral is
approximated by a Riemann sum ovier equal segments of lengtht [22]:
D( 1
P (o+ td) t; (2.11)
i=0



Anti-aliasing via multi-ray sampling (supersampling). A common issue indiscrete ray-
casting is the appearance of aliasing artefacts, such as jagged edges at sharp boundaries. These
arise when the sampling rate is insu cient to resolve ne detail in the volume. To mitigate
these e ects, rather than casting a single ray through the centre of each pMetays are cast
with randomised o sets within the pixel area. The nal pixel intensity, is the average of
these samples:
1 M X1
Ipixel = M (Oj + tidj) t; (2.12)
i=1 i=0

whereo; andd; are the origin and direction for thg -th ray. As shown in Figure 7,
this multi-sampling strategy e ectively suppresses high-frequency noise and yields smoother,
more physically accurate projections [23].

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-contrastraycasting.  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-contrastimag-
ing exploits the wave nature of radiation, where the refractive-index decremenoften 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 mustintegrate the complex refractive index to construct the transmission fundt{eny),
incorporating both the attenuation and phase-shift components. The nal intensity recorded
at the detector is not the direct result of this line integral but is derived after the wave eld
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 eldsé&nd ) 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 e ciently, supporting the high-
delity 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 delity and e ciency 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
elds, 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 elds stored per voxel depends on the imaging modality: ab-
sorption CT requires a single value the linear attenuation coe cient (equivalently the
absorption index , related by =2k ) [7] whereas phase-contrast imaging requires two
elds, the absorption index and the refractive-index decrement 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 asO(N 3) with linear resolutionN , making high-resolution volumes quite large.

Point Clouds Point clouds represent 3D data as a set of discrete points in space, typically
de ned by coordinategx; 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 signi cant 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 insu cient for tasks
requiring the reconstruction of internal structural variations [26].
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Figure 8: (a) Voxel Representation: Objects are constructed from xed cubic volumes, creating
a blocky, grid-based structure. (b) Point Clouds: The scene is de ned 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- delity 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 Il 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 exibility 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 di erentiable
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 oating-point values
per primitive. For sparse scenes composed of distinct objects (such as the RBC in micro uidic
channel studied here), a moderate primitive count su ces to represent the scene, making the
total footprint competitive with or smaller than thé@(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 ne voxel grids. The parameters
of all primitives are optimised end-to-end through the di erentiable 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), orimplicit 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 delity and for its capability in reconstructing the objects
in sparse-view scenarios. Neural elds enable applications such as high-quality view synthesis
and shape interpolation. Nevertheless, they are computationally demanding; training these
networks typically requires signi cant 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 elds can present a
bottleneck compared to explicit representations [30, 3].

2.5 Implicit Neural Scene Representations (NeRF)

In computer graphics, aradiance eld is amathematical representation used to describe
the spatial distribution of light within a scene. It is expressed as a ve-dimensional function
where the rst three dimensions correspond to spatial positixr; y; z), and the remaining
two specify direction(; ) in spherical coordinates. This function outputs a colour vector
c = (r;g;b) and a volumetric density , which acts as a di erential opacity regulating the
accumulation of radiance along a ray. Formally, the radiance eld is de ned as:

Lx;y;z; 5 )=(c; ) (2.13)

By incorporating this radiance eld into the rendering equation, realistic lighting ef-
fects such as shadows and specular re ections 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 eld 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-speci clearning  Unlike conventional deep learning approaches that generalise across
large datasets, NeRF uses a scene-speci c 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- delity representation, outperforming voxel-based methods which are less e cient

and more memory-intensive [30].

Figure 10: (a) Sample 5D coordinates along camerarays. (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].

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 colGyr) along a
ray r(t) = o+ td, whereo is the ray origin andd is the direction, is given by:
Z,
C(r)= T(t) (r(t) c(r(t);d)dt; (2.14)

tn

where (r(t)) is the volume density and(r (t); d) is the view-dependent colour at each
point. The termT (t) is the accumulated transmittance, representing the probability that the
ray travels from the near bountl, to a pointt without being absorbed:
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Z t
T(t) =exp (r(s))ds : (2.15)

tn
Note thatT (t) here denotes the NeRF ray transmittance and is distinct from the com-
plex transmission function (x; 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
&(r) and the ground-truth pixel colouC(r) across all rayR in the training images:

X 2
L = Er) c@r) : (2.16)
r2rR 2
This squared; loss penalises large per-ray colour errors more heavily than small ones,
encouraging the network to accurately reconstruct both ne 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 (PINNSs) [32] pursue a more ambitious goal than
standard data-driven models. Rather than tting a network purely to observations, the aim
is to train a model that represents a complete spatio-temporal eld 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 di erential 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, signi cantly 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 uid penetration in a porous solid during an imaging
experiment. Capturing the dynamic interaction between uid ow, 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 uid dynamics. Solving these equations accurately
is critical for modelling the behaviour of incompressible or slightly compressible uids under
mechanical or thermal loading.

PINNs provide a mesh-free, exible solution framework that can model these interac-
tions by learning spatio-temporal elds 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 eld variables even when only partial or indirect measurements are
available [32].

Earlier e orts to integrate prior physics into machine learning models used Gaus-
sian processes for linear systems, enabling uncertainty quanti cation 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 e ciency of automatic di erentiation to compute spatial and temporal derivatives
without the need for nite di erence schemes [32, 33].

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 o ers signi cant advantages in computational
e ciency, physical interpretability, and the ability to model dynamic deformations, properties
particularly relevant for MHz-Tomoscopy reconstructions.

Figure 12: Conceptual di erence 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 ne detail. In 3DGS, geometry is explicit by construction - each primitive
directly encodes a localized region of the scene, enabling straightforward analysis.

Each GaussiaG(x) is de ned by a center 2 R3, a covariance matrix 2 R3 3
controlling the ellipsoid's shape and orientation, an opacity2 [0; 1], and a view-dependent
colour c encoded via spherical harmonics (SH) coe cients. The spatial contribution at point
X is:

G(x)= exp ix ) 'x ):

To ensure numerically stable optimization, is not optimised directly. Instead, it is
factored into a rotation matrixR and a diagonal scale matri8 = diag(s),s 2 R®: =
RSS” R~ [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 rst 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 matfixand its

17






	Introduction
	Theoretical Background
	Tomography, Tomoscopy and Dynamic Imaging
	Phase-contrast imaging
	Tomographic Reconstruction
	Common 3D Data Representations
	Implicit Neural Scene Representations (NeRF)
	Physics-Informed Neural Networks
	3D Gaussian Splatting
	Scene Representation
	Rendering Pipeline
	Optimization

	ONIX

	Materials and Methods
	Simulation-Based Dataset Generation
	Molecular Dynamics Simulation
	From Geometry to Phase-Contrast Projections
	Dataset Packaging for 3DGS Training

	Modified GS Pipeline for Phase-Contrast Tomoscopy
	Training Stabilisation

	Results and Discussion
	Experimental Setup and Evaluation Metrics
	Model evaluation
	Discussion

	Conclusion
	Resumé
	References

