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Popular Summary

When talking about X-ray imaging, the first image one can think about is probably
the famous “Hand mit Ringen”, the first radiograph taken by Wilhelm Röntgen in
1895. This image revealed, for the first time, the invisible interior of the human
body without surgery and marked the birth of X-ray imaging. More than a century
later, X-rays remain an indispensable tool for exploring the hidden inner structures of
objects.

Today, scientists are not only interested in static images, but also in how objects change
over time. Interesting dynamics include, for example, how droplets collide with each
other, how fluids flow through given materials, and how materials fracture or deform
under stress. Capturing and understanding such processes requires four-dimensional
(4D) imaging, where time is added to the three-dimensional (3D) space. However,
conventional 4D X-ray imaging relies on rapidly rotating the sample to collect many
viewing angles. This requirement creates two fundamental problems. First, many
systems of interest, such as liquids and ultra-fast dynamic processes, cannot tolerate
rapid rotation. Second, the dynamic processes that occur faster than the rotation
speed cannot be resolved.

This thesis explores a new solution, called X-ray Multi-Projection Imaging (XMPI),
to address the aforementioned challenges. Instead of rapidly rotating the sample,
XMPI splits a single X-ray beam into several smaller beams that illuminate the sample
simultaneously from different directions. In this way, multiple X-ray images are
recorded at exactly the same moment. Using the extremely bright X-rays available
at modern synchrotron facilities, this approach enables rotation-free imaging of fast
3D dynamics with micrometer-scale resolution.

Recording only a few images at each moment, however, creates a new challenge.
Traditional 3D reconstruction and analysis pipelines no longer work because there
is simply not enough information from different angles. This thesis addresses this
problem in two complementary ways.

First, this thesis shows that even without reconstructing the entire 3D sample, valu-
able physical information can be extracted. For example, by observing small tracer
particles moving with the flow from as few as two directions, their 3D motion can
be determined accurately via triangulation. Second, this thesis develops new artificial
intelligence (AI)–based reconstruction methods that combine the power of physics
and recent AI developments. These methods learn to reconstruct entire 3D movies
directly from very limited X-ray data, while respecting the physical laws governing
the observed dynamics. Applications to droplet collisions and fluid flow in porous
materials demonstrate that meaningful 4D reconstructions can be achieved far beyond

ix



the limits of conventional techniques.

In summary, this work establishes XMPI as a powerful new approach for studying
ultrafast dynamic systems that cannot be imaged using traditional rotation-based
methods. By combining the experimental design based on synchrotron light sources
with physics-aware AI-assisted reconstruction and analysis, it opens new possibilities
for observing and understanding complex dynamic processes hidden inside the stud-
ied system.
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Chapter 1

Introduction

X-rays, since their discovery in 1895 by Wilhelm Röntgen, have become a powerful
probe for imaging in various fields. X-rays are characterized by their short wavelengths
and high penetration capabilities. The short wavelengths allow X-rays to interact with
matter on sub-micrometer or even atomic length scales, making it possible to resolve
structural features that are fundamentally inaccessible to visible-light techniques due
to the diffraction limit. Moreover, the high penetration power makes it possible to
probe the internal structures of complex systems in a non-destructive manner.

The first reported X-ray image, “Hand mit Ringen”¹, demonstrated such capabilities
by revealing the structure of a human hand adorned with a ring, marking the birth
of modern X-ray imaging. Since then, continuous development in X-ray generation
and detection methods has driven a boost in X-ray imaging, from early laboratory
X-ray tubes to large-scale synchrotron radiation facilities. These modern X-ray sources
provide dramatically increased photon flux density, laying the foundation for both
high-resolution and high-speed imaging.

As X-ray sources evolved, so did the dimensionality of imaging. As a first step,
imaging methodologies have expanded from two-dimensional (2D) radiography to
three-dimensional (3D) tomographic imaging. X-ray tomography reconstructs volu-
metric information by combining multiple angular projections, providing access to
internal structures that cannot be resolved in a single 2DX-ray image. However, many
physical systems of interest are inherently dynamic, and static 3D reconstructions
are insufficient to fully describe their behavior. This limitation has motivated the
second-step development, i.e., extending to four-dimensional (4D) (3D + time) X-ray
imaging to capture the temporal evolution of the 3D structures.

Despite its conceptual simplicity, 4D X-ray imaging encounters significant experi-
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mental challenges. Themost established approach at large-scale facilities, time-resolved
tomography, relies on repeatedly rotating the sample while continuously acquiring
2D projection images. In most of the cases, the achievable temporal resolution is
fundamentally limited by the mechanical rotation speed of the sample stage. More-
over, rapid rotation can introduce high centrifugal forces that alter the dynamics or
even damage the sample, making this approach unsuitable for many rotation-sensitive
systems such as liquids, soft matter, and multiphase flows. In some special cases,
e.g., when learning periodic or reproducible dynamics, gated tomography² can be
employed to avoid fast sample rotation, where projection images are acquired over
multiple repeated cycles and then sorted retrospectively. However, this strategy is not
applicable to non-reproducible or stochastic dynamics.

To address these limitations, X-ray multi-projection imaging (XMPI) has emerged as
a promising rotation-free alternative for 4D imaging. Instead of rotating the sample,
XMPI splits a single incident X-ray beam into several angularly separated beamlets
that illuminate the sample simultaneously. By recording multiple projections in a
single exposure, XMPI enables instantaneous multi-view acquisition, resulting in a
temporal resolution determined primarily by the X-ray detector’s acquisition rate.

However, the fundamental advantage of XMPI, its ability to acquire multiple projec-
tions simultaneously, also introduces a major challenge. In contrast to tomography,
which typically utilizes hundreds of 2D projections to extract volumetric information,
XMPI is inherently a sparse-view (≤ 3) imaging technique. Recovering volumetric
information from sparse projections can be challenging, as directly applying classical
approaches suitable for tomography-based setups is usually improper. In other words,
even after successfully establishing the XMPI setup, the data interpretation is still a
bottleneck in 4D imaging, which, in general, requires strategies that can effectively
incorporate additional prior knowledge to compensate for the lack of angular infor-
mation.

The central objective of this thesis is to address the challenges in 4D reconstruction
and analysis, which are crucial to advancing XMPI as a practical and robust tool for
high-speed 4D X-ray imaging. The major chapters of this thesis are organized as
follows:

Chapter 2 introduces the basics of X-ray imaging, and discusses opportunities and
challenges of 4D X-ray imaging relevant to the main content of this thesis.

Chapter 3 introduces the implementation of the XMPI setup enabled by the unique
capabilities provided by synchrotron light sources. This chapter is supported by Pa-
pers I and II.

Chapter 4 introduces triangulation-based particle tracking as a first application exam-
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ple, demonstrating the quantitative capabilities of XMPI. This chapter is supported
by Paper VI.

Chapter 5 focuses on a more ambitious goal: to develop full-field artificial intelli-
gence (AI)-assisted 4D reconstruction methods for XMPI. This chapter also includes
representative fluid dynamics examples for validation, supported by Papers III, IV, V
and VII.
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Chapter 2

X-ray Imaging: Principles and
State-of-the-Art

The past century has witnessed a boost in X-ray research. Nowadays, X-rays are no
longer the “unknown” type of radiation as they were originally called. In essence, as
shown in Figure 2.1, X-rays are electromagnetic waves lying on the high-energy side
of the electromagnetic spectrum between ultraviolet and gamma rays.

Figure 2.1: The electromagnetic spectrum.

X-rays also follow the basic principles of quantum mechanics, where particle-wave
duality holds. From the particle perspective, the energy of the electromagnetic wave
is carried by photons. The energy of each photon is given by Planck’s energy-frequency
relation:

E = hν =
hc

λ
≈ 12.4

λ [Å]
[keV], (2.1)

where h denotes the Planck’s constant, ν denotes the frequency, c denotes the speed
of light in vacuum and λ denotes the wavelength. Conventionally, in X-ray studies,
we describe the photon energy using the unit of keV. It can be easily calculated
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using the wavelength in the unit of Å (10−10 m), as shown in the right-hand side
of Equation 2.1.

The wavelength range for X-rays is typically 0.01 nm to 10 nm. Specifically, X-rays
with a wavelength above 1.24 nm are called soft X-rays; below 0.25 nm are called hard
X-rays³. Such a short wavelength, together with its unique penetration ability, enables
non-invasive investigation of microscopic structures, even down to the atomic level.
In this thesis work, we will use hard X-rays as a promising probe for X-ray imaging
studies.

In this chapter, we will start with some key concepts in X-ray imaging relevant to
this thesis work to help readers understand the formalism of 2D X-ray images. Then,
we will extend X-ray imaging to higher dimensions and briefly discuss how the state-
of-the-art 3D and 4D X-ray imaging method works. We will finish this chapter by
discussing the opportunities and challenges of 4D X-ray imaging, which serves as the
motivation for the main content of this thesis.

2.1 X-ray Interaction with Matter

Imaging, in a broad sense, refers to the process of creating a visual representation of an
object, structure, or phenomenon by mapping its physical properties onto a spatial or
spatiotemporal domain. Proper interpretation of such visual representations requires
a clear understanding of the imaging probe itself. Hence, for X-ray imaging studies, a
fundamental prerequisite is to understand how X-rays interact with matter and how
X-ray images are formed. In this section, unlike most of the textbooks on X-ray
physics, I will skip the atomistic description of X-ray–matter interactions. Instead, in
a more practical way, I will introduce directly what happens when X-rays pass through
an object in vacuum, providing insight into the formalism of 2D X-ray imaging. For
a more thorough discussion on these topics, readers are kindly referred to relevant
textbooks⁴,⁵ on X-ray imaging.

2.1.1 Complex Index of Refraction

Generally, after X-rays pass through an object in vacuum, the X-ray wavefield is
modulated by the object. Specifically, one can observe two major differences when
comparing the exit wave and the incoming wave, as shown in Figure 2.2. First, the
amplitude of the wave is attenuated. Second, the phase of the wave is shifted.

To quantify these two differences, we need to introduce the concept of the index of
refraction. It not only describes the property of the material, but also helps describe
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Figure 2.2: Two major differences after X-rays pass through an object in vacuum: attenuation and phase shift.

how an incident X-ray wavefield is modulated by the object. In X-ray physics, the
index of refraction is depicted in a complex number, as shown in Equation 2.2:

n = 1− δ + iβ, (2.2)

where δ and β are positive real numbers and significantly smaller than unity. The real
part describes the elastic scattering related to the phase change, while the imaginary
part describes the absorption in thematerial related to the attenuation. As an example,
we have δ = 2.31× 10−6 and β = 5.01× 10−9 for water (H2O) at 10 keV.

2.1.2 Projection Approximation and Beer–Lambert’s Law

In this subsection, we will quantify how the X-ray wavefield is modulated after passing
through an object in vacuum using the example sketched in Figure 2.3. Here, X-rays
are depicted as a time-independent plane wave traveling along the z axis before passing
through the object:

ψin = Aeikz, (2.3)

where A denotes the amplitude and k (= 2π/λ) denotes the wavenumber. Such
a scalar form shown in Equation 2.3 is commonly used for imaging studies, as it
simplifies the representation of X-rays by ignoring the polarization effects⁶.

We further impose the projection approximation, which assumes that the direction
of the wave within the sample is not changed compared to the incoming wave. Such
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Figure 2.3: X-rays pass through an object in vacuum. Figure adapted from Ref. 7.

an approximation holds under weak interactions when multiple scattering and the
diffraction effects within the object can be neglected⁸. Hence, after passing through
the object whose index of refraction is a function of the 3D space coordinate (x, y, z),
the exit wavefield can be expressed as follows:

ψout = ψin · exp
(∫ z0

0
ikn(x, y, z)dz̃

)
= ψin · exp

(∫ z0

0
ik (1− δ(x, y, z) + iβ(x, y, z)) dz̃

)
(2.4)

= ψin · exp
(
−k

∫ z0

0
β(x, y, z)dz̃

)
· exp(ikz0) · exp

(
−ik

∫ z0

0
δ(x, y, z)dz̃

)
,

where z̃ denotes the integration variable along the propagation direction.

As shown in Equation 2.4, after passing through the object in vacuum, both amplitude
attenuation and phase shift exist in the exit wavefield. In practice, however, the
quantity that an X-ray detector can directly provide is the intensity of the wave,
which is proportional to the time-averaged squaredmodulus of the complex wavefield.
Phase information cannot be measured directly since no existing X-ray detector can
resolve the rapid oscillations of the electromagnetic field, so phase information is only
available after using phase-retrieval methods⁸.

Given that the measured intensity immediately after the object is directly proportional
to the square of its amplitude, we have:

Iout = Iin · exp
(
−2k

∫ z0

0
β(x, y, z)dz̃

)
, (2.5)

where Iin = A2 (according to Equation 2.3). Equation 2.5 forms the theoretical basis
of absorption-contrast imaging. Regions with larger β values along the propagation
direction result in stronger attenuation of the transmitted intensity, whereas regions
with smaller β values appear more transparent. These spatial variations in absorption
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give rise to intensity contrast in the recorded image. By analyzing such absorption-
induced contrast, more information about the imaging object, such as its material
composition, can be inferred.

Specifically, when the object is homogeneous (same index of refraction throughout the
object) with a thickness T regardless of its position in the (x, y) plane, Equation 2.5
can be simplified as:

Iout = Iin · e−2kβT . (2.6)

With µ = 2kβ, this becomes the well-known Beer-Lambert’s Law, as shown in
Equation 2.7:

Iout = Iin · e−µT , (2.7)

where µ denotes the linear absorption coefficient with a unit of m−1. Empirically,
the linear absorption coefficient of an element is approximately proportional to the
fourth power of the atomic number and inversely proportional to the third power of
the X-ray energy.

2.1.3 Imaging Regimes

Up to now, we have discussed the exit wavefield ψout and the corresponding intensity
Iout right after X-rays propagate through an object. It is important to note that the
recorded X-ray image is determined not only by the exit wavefield itself but also by
the detector placement, e.g., the sample-detector distance. In practice, as shown
later in Chapter 3, the detector in an X-ray imaging experiment is usually placed
at a finite distance away from the studied sample (see Figure 3.3 and 3.7), rather
than immediately after the sample. As a consequence, the exit wavefield further
evolves through free-space propagation before being recorded by the detector, and
it is important to learn how the X-ray wavefield changes at different sample-detector
distances.

Figure 2.4 shows a simulation of how the resulting image acquired by the detector
changes when increasing the sample-detector distance, using X-rays at an energy of
12.4 keV. The imaging object consists of two disks with a diameter of 280 μm. Disk
A is an ideal absorbing object with attenuation only (δ = 0 and β ̸= 0). Disk B is an
ideal phase object with phase shift only (δ ̸= 0 and β = 0). As shown in Figure 2.4,
when the distance is rather small (≤ 10 cm), the phase object B is almost invisible
in the detector image, and the recorded intensity closely resembles the exit intensity.
Under the assumption of a fully coherent plane-wave illumination (Equation 2.3),
however, the phase modulation imprinted by the object leads to interference between
different parts of the transmitted wavefront during free-space propagation. As the
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propagation distance increases (≥ 1m in Figure 2.4), this interference gives rise to
diffraction-induced intensity modulations, making the phase object B more and more
visible, and fringes of both objects (also referred to as edge enhancements) start to
appear. Finally, when the distance is sufficiently large (≥ 1 km in Figure 2.4), it is
even difficult to recognize the original shapes of the objects from the observed image
because diffraction effects dominate the image formation process. In such a scenario,
the observed image corresponds to the Fourier transform of the object.

Figure 2.4: Simulation of X-ray images with different sample-detector distances from 1 cm to 1 km. The X-ray
energy is 12.4 keV. Each image contains 256 × 256 pixels with a pixel size of 4 μm.

To classify different imaging regimes arising from different propagation distances, it
is more appropriate to use the dimensionless Fresnel number rather than the sample-
detector distance itself. The Fresnel number is defined as follows:

NF =
a2

λd
, (2.8)

where λ denotes the wavelength of X-rays, d denotes the sample-detector distance,
and a denotes the characteristic size of the imaging feature. In the simulation shown
in Figure 2.4, we have λ = 0.1 nm and a = 8 μm (corresponding to two pixels). The
dimensionless Fresnel number provides a more physically meaningful classification of
imaging regimes, as it allows comparison across different X-ray imaging setups. There
are three imaging regimes, as shown below:

(a) NF ≫ 1 refers to the contact regime, where diffraction effects can be neglected;

(b) NF ∼ 1 refers to the near-field regime, where the recorded intensity contains
contributions from diffraction-induced intensity modulations. Such modulations
remain locally confined, meaning that each object feature only affects nearby detector
pixels;
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(c) NF ≪ 1 refers to the far-field regime, where diffraction effects dominate, and the
recorded intensity becomes non-local.

In this thesis work, all the X-ray imaging experiments lie in the near-field regime,
where the diffraction effects are detectable.

2.2 3D X-ray Imaging - Tomography

Up to this point, we have discussed the formalism of the 2D image provided by the
X-ray detector. However, when one wants to study the detailed internal structures
within the 3D object, a single 2D image is not enough. A fundamental approach to
solve this issue is to combine multiple 2D images from different projection angles,
which is the basic principle behind X-ray tomography, the state-of-the-art technique
for 3D analysis.

The terminology “tomography” originated from twoGreekwords ‘tomos’ and ‘graphō’,
where the former means slice or section, and the latter means to write. The idea of
X-ray tomography can be dated back to the early 1900s⁹, although an actual setup was
not yet available. Since the mid-20th century, the increased availability and power of
computers started to boost the research on tomography reconstruction. In 1979, the
Nobel Prize in Physiology or Medicine was awarded to Allan M. Cormack and God-
frey N. Hounsfield “for the development of computer-assisted tomography”, marking
a highlight for X-ray tomography. Nowadays, X-ray tomography is widely used when
beyond 2D information is needed non-destructively, such as medical diagnosis and
industrial inspections.

Practically, there are three major approaches to collect projection images of the object
from different angles, as illustrated in Figure 2.5(a)-(c), respectively. The first is to
rotate the imaging object without moving the X-ray source and the detector, which is
suitable for large-scale X-ray facilities, as moving such big facilities is impossible. The
second is to rotate the X-ray source and detector while keeping the imaging object
static, as used in e.g., medical CT applications. The third is to stack multiple X-ray
beam-detector pairs to simultaneously study the object, which is the main technique
to be discussed in the next chapter.

2.2.1 Reconstruction Methods

After collecting 2D images from various angles, one needs to reconstruct the 3D
images of an object’s internal structures, referred to as tomograms. As will be shown
below, there are two main categories of reconstruction methods that are commonly
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Figure 2.5: Approaches to collect projection images of an object from different angles. (a) To rotate the
imaging object without moving the X-ray source and the detector; (b) To rotate the X-ray source
and the detector without rotating the object; (c) To stack multiple X-ray beam-detector pairs to
study the object simultaneously.

used as the gold standard. The first is Fourier-based reconstruction methods, which
in general can provide fast reconstruction due to the high efficiency of computing the
fast Fourier transform; the second is iterative methods, which generally require more
computational resources but provide more reliable reconstruction by progressively
refining the reconstruction.

Fourier-based Method

Derived firstly by Ronald N. Bracewell in 1956¹⁰, the Fourier slice theorem (also
referred to as the projection-slice theorem) states that the Fourier transform of an
n-dimensional object can be related to the Fourier transforms of its lower-dimensional
projections, forming the basis of Fourier-basedmethods. For example, in a 2D case, if
we project a 2D image f(x, y) along a specific angle θ and then perform a 1D Fourier
transform, the result is equivalent to taking a 2D Fourier transform of the image and
extracting the slice corresponding to the same angle θ.
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Using the Fourier slice theorem, one can propose the direct back-projection method,
i.e., to reconstruct the 2D slice f(x, y) by assembling the 1D Fourier transforms
frommany projections at their respective angle and calculating the inverse 2D Fourier
transform. However, direct back-projection typically results in a blurring effect in the
reconstructed image. The reason is that collecting more projections means sampling
more lines passing through the origin in the Fourier domain⁴, resulting in oversam-
pling in the low-frequency area and undersampling in the high-frequency area. To
address this issue, filtered back-projection (FBP), one of the most famous Fourier-
based reconstruction methods, is designed, where an additional filter is applied in the
Fourier domain before the inverse Fourier transform. Commonly used filters include
the ramp filter, the cosine filter, and the Hamming filter¹¹.

Iterative Method

Different from the Fourier-based method, the iterative methods treat the reconstruc-
tion problem as a linear equation, as shown in Equation 2.9:

Ax = b, (2.9)

where A denotes the projection matrix that convert an image from the image space
to the projection space, x denotes the unknown image to be reconstructed, and b
denotes the measurements (projections provided by the X-ray detector).

In many cases, solving such a linear equation by calculating the inverse or pseudo-
inverse of A is impractical due to high computational cost or ill-posedness of the
problem¹². Instead, iterative approaches can be used to provide a solution by itera-
tively minimizing the difference between the measured projections and the predicted
projections. Examples of widely used iterative methods include simultaneous alge-
braic reconstruction technique (SART)¹³ and simultaneous iterative reconstruction
technique (SIRT)¹⁴. The former updates the reconstructed image after going through
each individual projection angle, usually leading to faster convergence; while the
latter updates the reconstruction image only after going through all the projection
data, usually leading to a smoother and more stable reconstruction. Such methods
also provide valuable insights for designing self-supervised AI-assisted reconstruction
methods to be presented later in Chapter 5.

2.2.2 Crowther Criterion

In tomography reconstruction, a fundamental question is how many projections are
sufficient for a good 3D reconstruction. Based on the principles of the Fourier-based
method, the Crowther criterion¹⁵ provides an answer. It states that, for a desired
spatial resolution d, the minimum requirement of the number of projections Nθ can
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be described in Equation 2.10:

Nθ =
πD

d
(2.10)

where D denotes the diameter of the imaging object. Practically, in most imaging
scenarios, the required resolution should be several pixels or voxels, meaning that
one needs approximately as many projections as the sample diameter measures in the
number of pixels or voxels.

Figure 2.6 shows the comparison of a reconstructed slice of a simulated 3D dataset
using a different number of projections (N ) spanning an angular range of [0◦, 180◦]
with FBP and SART, respectively. The simulated object consists of several randomly
placed ellipsoids within a cylinder with a diameter of D = 200 pixels. We desire to
distinguish the smallest ellipsoid, leading to d=10 pixels andNθ ≈ 63. It can be seen
that when the number of projections is far below the value indicated by the Crowther
criterion (N ≤ 20), the reconstruction is either blurry or significantly suffers from
artifacts, whereas increasing the number of projections improves reconstruction qual-
ity. When comparing the two reconstruction methods, both of them provide reliable
reconstruction with sufficient projections (N = 100); with insufficient projections
(N ≤ 20), SART outperforms FBP as the former generates fewer artifacts.

Figure 2.6: Simulation of tomographic reconstruction from a different number of projections equally
distributed within 180◦, using FBP and SART, respectively. The simulated object consists of several
randomly placed ellipsoids within a cylinder.

2.2.3 “Missing Wedge” Issue

Besides sufficient projection images, the angular range for projections is also crucial
for a good tomography reconstruction. With limited projection angles and a gold-
standard reconstruction algorithm, even a large number of projections cannot lead to
an acceptable reconstructed image. This issue is called “missing wedge”¹⁶. Figure 2.7
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compares the reconstruction using 100 projections equally distributed in different
angle ranges. It clearly shows that neither FBP nor SART can provide an acceptable
reconstruction, especially when ∆θ ≤ 90°.

Figure 2.7: Simulation of tomographic reconstruction using 100 projections equally distributed within the
angle range [0◦,∆θ]. Four different ∆θ values are included in this figure.

As shown in Figure 2.6 and 2.7, limited projections and angular range can pose
significant challenges for image reconstruction. Therefore, to tackle such challenges,
it is crucial to include prior knowledge of the sample into the reconstruction work-
flow rather than directly applying traditional Fourier-based or iterative methods. For
example, a recently developed algorithm, optimized neural implicit X-ray imaging
(ONIX)¹⁷, combines basic ideas from traditional iterative methods with novel AI
approaches. By effectively utilizing prior knowledge of the sample extracted by the
AI approaches, this algorithm yields high-quality 3D reconstruction and avoids the
“missing wedge” issue with as few as 8 projections over a limited angular range.

2.3 Extend to 4D - Opportunities and Challenges

Using the same principle as X-ray tomography, one can naturally extend X-ray imag-
ing from 3D to 4D by adding the temporal evolution as an extra dimension. This
is referred to as time-resolved X-ray tomography, or tomoscopy, resulting in recon-
structed 3D movies of the studied dynamics. State-of-the-art tomoscopy experiment
is capable of reaching 8 μm resolution at 1000 tomograms per second (tps)¹⁸, thanks
to fast image acquisition enabled by high-flux modern X-ray sources, together with
fast sample rotation at the speed of 500 revolutions per second. Tomoscopy opens up
new opportunities for studying rapid dynamics in 3D within a millisecond timescale,
benefiting various fields such as fluid dynamics¹⁹, additive manufacturing²⁰, and ma-

15



terial science²¹. Although the prospect of tomoscopy has been widely acknowledged,
challenges on both the hardware and software sides need to be carefully addressed.

First, from the sample perspective, withstanding rapid rotations can be challenging
due to the induced centrifugal acceleration, which can be calculated as:

ac = rω2, (2.11)

where ω denotes the angular velocity of the rotational sample stage and r denotes the
distance between the rotational axis and the center of mass of the rotating object. As
an example, a distance of 1mm and a rotational speed of 500Hz lead to a centrifugal
acceleration of ac = 9870 m/s2 ≈ 1000 g. Such a high centrifugal acceleration
might alter the studied dynamics or even damage the studied samples. Due to this
constraint, studying rotation-sensitive samples or further increasing the rotation speed
becomes impractical.

Second, from the software perspective, the current reconstruction workflow corre-
sponds every 180° or 360° sample rotation to a reconstructed time point, and treats
each time point independently. The 4D reconstruction is then established by stacking
the 3D reconstruction of each time point, respectively. In other words, any dynamic
events that occur faster than the rotation speed cannot be precisely reconstructed.
Such rapid dynamics can even cause the issue of “motion blur”²², which poses addi-
tional challenges for reconstruction and further analysis.

The key to addressing the aforementioned challenges is to find an alternative method
for running 4D experiments without the requirement of fast rotation and to develop
the corresponding methods for 4D reconstruction and analysis, which will be pre-
sented in Chapters 3-5, respectively.
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Chapter 3

Synchrotron Light Sources and
X-ray Multi-Projection Imaging
(XMPI)

Up to this point, we have discussed the opportunities and challenges of state-of-the-
art 4D X-ray imaging (tomoscopy), where fast rotation of the sample is required for
monitoring high-speed 3D dynamics. In this chapter, we will bring modern X-ray
sources to the table and introduce the possibility of establishing a new rotation-free
4D X-ray imaging setup that addresses the aforementioned limitations.

This chapter begins with a brief introduction to synchrotron light sources and their
unique imaging capabilities regarding the spatiotemporal resolution, as all the experi-
ments included in this thesis were conducted using X-rays from synchrotron radiation
facilities. Then, we introduce the XMPI setup, which benefits from such unique
imaging capability provided by the synchrotron light source. Finally, we conclude
this chapter with a brief discussion of the opportunities and challenges brought by
XMPI. This chapter is closely related to Papers I and II.

3.1 Synchrotron Light Source

Synchrotron radiation refers to the electromagnetic radiation emitted when relativistic
charged particles (such as electrons) undergo an acceleration perpendicular to their
velocity²³. For a relativistic electron circulating along a circular trajectory with a
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radiusR, the total radiated powerP can be expressed using the Schwinger’s formula²⁴:

P =
2

3

e2c

R2

(
E

mc2

)4

, (3.1)

where E denotes the electron energy, c denotes the speed of light, and mc2 denotes
the electron rest mass energy (0.511MeV). It was first observed at the General Electric
Research Laboratory in Schenectady, New York, in the 1940s²⁵, although its mecha-
nism was not immediately understood. At an early stage, synchrotron radiation was
regarded as an undesirable byproduct in high-energy physics as it led to significant
energy losses of charged particles²⁶ (proportional to E4/R2, as indicated in Equa-
tion 3.1). However, since the 1950s, its unique properties have gradually been recog-
nized and exploited by the scientific community²⁷, including its high intensity, broad
and continuous spectral range, and narrow angular collimation. After several gen-
erations of development, synchrotron light sources have evolved into indispensable
facilities for X-ray science, supporting advanced studies in many disciplines. At the
time of writing, the most advanced synchrotron light sources are categorized as 4th-
generation synchrotron sources, known as diffraction-limited storage rings (DLSRs),
which are designed to deliver electron beams with ultralow emittance such that, over a
broad range of X-ray energies (∼ 100 eV to a few keV), the emitted photon beam are
predominantly limited by diffraction rather than by the phase space of the electron
beam. Representative examples of 4th-generation synchrotron light sources world-
wide include MAX IV in Sweden²⁸, SIRIUS in Brazil²⁹, SLS 2.0 in Switzerland³⁰,
ESRF-EBS in France³¹, APS-U in the USA³², and HEPS in China³³. Meanwhile,
several 3rd-generation synchrotron sources are still in operation.

3.1.1 Higher Brilliance and Flux

To evaluate the quality of an X-ray source, several factors should be considered. The
first is the flux, indicating the number of photons emitted per second. The second is
the source size, indicating the difficulty of focusing the X-ray to a given size (usually
small). The third is the divergence of the source, indicating how the beam diverges
during propagation. The fourth is the spectral distribution. A key quantity that
summarizes the aforementioned factors of the produced X-ray beam is referred to
as brilliance, whose unit is described as follows:

Brilliance =
number of photons

(s) · (mm)2 · (mrad)2 · (0.1% bandwidth)
. (3.2)

The brilliance is invariant under lossless optical transformations³⁴, which cannot be
improved by passive optical elements after the generation of the X-ray. Such invari-
ance arises from the conservation of phase-space density, as dictated by Liouville’s
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theorem⁶. The scientific community considers brilliance as a suitablemetric for assess-
ing and comparing the quality of different X-ray sources. In practical terms, a higher
brilliance corresponds to a photon beam that delivers more photons into a smaller
transverse area and a narrower angular spread within a given bandwidth, and thus
indicates superior X-ray beam quality. Figure 3.1 shows the evolution of the averaged
brilliance of X-ray sources, ranging from lab-based X-ray tubes to different generations
of synchrotron light sources since the 1950s³⁵. It can be seen that synchrotron light
sources have witnessed an increase of more than 10 orders of magnitude regarding the
averaged brilliance since the first generation in the 1970s.

In this thesis work, we focus on exploiting the unique imaging capability provided by
synchrotron light sources in terms of the spatiotemporal resolution. For this purpose,
a key parameter to understand is the flux density, i.e., the number of photons per unit
time and area. Intuitively, to achieve a better spatiotemporal resolution, a larger flux
density is required. Equation 3.3 gives the relationship among the flux density, spatial
resolution, and temporal resolution:

ϕ =
N

τ ·∆x2
, (3.3)

where ϕ denotes the flux density, N denotes the number of photons required to
achieve a certain image quality, τ denotes the temporal resolution, and ∆x denotes
the spatial resolution. Empirically, to provide high-quality images for X-ray imaging
experiments, we can set N = 10000, which leads to a signal-to-noise ratio SNR =

Figure 3.1: Evolution of the averaged brilliance of X-ray sources, ranging from lab-based X-ray tubes to four
generations of synchrotron light sources since the 1950s.
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N = 100 according to Poisson statistics³⁶.
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Figure 3.2: Representative spatiotemporal resolution provided byDLSR-based 4th generation synchrotron light
sources and 3rd generation synchrotron light sources. The typical values of the flux density at 4th
generation and 3rd generation synchrotron light sourceswe use for this plot are 1015 ph/(s · mm2)
and 1013 ph/(s · mm2), respectively. Figure from Paper I.

Based on Equation 3.3, we can establish Figure 3.2 that illustrates the representative
spatiotemporal resolution achievable provided by fourth- and third-generation syn-
chrotron light sources, respectively. It can be seen that when a spatial resolution of
several μm is required, the maximum available temporal resolution is at the scale of
μs. In other words, MHz imaging at the micrometer scale is possible at modern
synchrotron light sources.

3.1.2 ForMAX Beamline and its Imaging Capabilities

In the previous subsection, we discussed the possibility of reaching higher spatiotem-
poral resolution thanks to the enhanced brilliance and flux density provided by mod-
ern synchrotron light sources. In this subsection, we will present the time-resolved
imaging experiment to demonstrate this capability.

The experiments were conducted at the ForMAX beamline³⁷ at MAX IV, Sweden, the
first operational 4th-generation synchrotron light source. ForMAX offers multiscale
structural characterization, with a particular focus on research involving forest mate-
rials. Moreover, ForMAX is optimized for various X-ray scattering and time-resolved
X-ray imaging experiments. Using a 3 m long room-temperature in-vacuum undu-
lator as an insertion device, it can provide X-ray beams with energies ranging from 8
keV to 25 keV with a beam size of 1.3 mm × 1.5 mm. The desired energy can be
selected using either a double-crystal monochromator (DCM) or a double-multilayer
monochromator (MLM). The latter was used for all the experiments included in this

20



thesis, as it allows a larger bandpass (∆E/E ≈ 0.01), resulting in a higher flux
density crucial for time-resolved imaging experiments. Moreover, such a bandpass
is capable of accepting an entire single harmonic of the insertion device, which is
crucial for designing the spectral splitting scheme for the XMPI setup (discussed later
in Section 3.2.1).

Figure 3.3: A photo captured by an Axis camera in the experimental hutch showing the time-resolved X-ray
imaging experiment conducted at the ForMAX beamline. Figure from Paper I.

To demonstrate the time-resolved full-field imaging capabilities at ForMAX, a straight-
forward experimental setup was established, as shown in Figure 3.3. To support both
2D and 3D imaging, the sample was placed on a rotation stage from LAB Motion
Systems (RT075s)³⁸. The X-ray detector system built upon a Photron Nova S16
camera can support an acquisition rate of up to 1.1 MHz, with an effective pixel
size of 4 μm and a full dynamic range of 12 bits. More technical details on this
setup can be found in Section 3.2.2 and Paper I. It is worth noting that the beam
path seems “visible” in Figure 3.3. The reason is that high-flux incoming X-rays can
ionize air (primarily N2 molecules), leading to fluorescence in the blue or blue-violet
wavelength range.

2D Imaging Capability

We evaluated 2D imaging capability in two steps. First, we used a simple static sample
(a metal pin) to evaluate the speed and the corresponding dynamic range at which
we can record images with our detector system, as shown in Figure 3.4. The beam
energy was set at around 16.3 keV, and the acquisition rate was set as 550 kHz. The
maximum and minimum grayscales of the image shown in Figure 3.4(a) were 2504
and 8, respectively, corresponding to a dynamic range of 12 bits. This result matches
the estimation shown in Figure 3.2, where MHz imaging at the micrometer scale can
be achieved.

Second, we conducted time-resolved 2D imaging of a scientific sample, allowing for
the observation of rapid dynamics. Here, we aimed to observe the fracture process
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Figure 3.4: Dynamic range evaluation. (a) shows an image of a static metal pin recorded at a frame rate of
550 kHz at around 16.3 keV. (b) shows the histogram of the image in (a). Figure from Paper I.

of a multi-filament fiber when an external tensile stress is applied to it. To provide a
good sample contrast and capture the desired dynamics, the beam energy and frame
rate were set at around 16.3 keV and 36 kHz, respectively. To avoid saturation of the
detector and maintain the full dynamic range, we used a total of 1.5 mm Si filters
(corresponding to a transmission rate of 0.071) to reduce the flux.

The 2D imaging result is shown in Figure 3.5. Figure 3.5(a) shows three consecutive
images during the tensile failure process. The images have been postprocessed using
dynamic flat-field correction³⁹,⁴⁰ to eliminate fixed-pattern noise. To further analyze
the image quality of the acquired images, we used Fourier ring correlation (FRC)⁴¹,
a practical method for estimating the spatial resolution. As shown in Figure 3.5(b),
the FRC curve and the 1-bit threshold curve intersect at x = 0.75. Given that the
effective pixel size of the images is 4 μm, the resolution is estimated to be 2× 4 μm÷
0.75 = 10.7 μm (the factor of 2 comes from the Nyquist-Shannon theorem⁴²),
indicating a good image quality.

To sum up, regarding the time-resolved 2D imaging, we demonstrated the potential
to achieve high frame rates at the MHz scale, using the full dynamic range of the
detector (12 bits) and an effective pixel size of 4 μm. The FRC analysis shows an
estimated resolution of approximately 10 μm in the scientific case of tensile failure
process, indicating a good image quality.

3D Imaging Capability

We further evaluated 3D imaging capability by conducting time-resolved tomography,
based on the principles discussed previously in Section 2.2. Here, we aimed to probe
the dynamics induced by the radiation damage on the wooden rod at the energy
of 9.1 keV. The rotation stage was operated at its maximum speed (3 revolutions per
second), resulting in 6 tps. Tomatch the requirement given by the Crowther Criterion
(Subsection 2.2.2), the frame rate was set as 750 Hz (to provide 125 projections per
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Figure 3.5: Time-resolved 2D imaging studies. (a) shows three consecutive flat-field-corrected frames during
the tensile failure process of a multi-filament fiber. (b) shows the FRC analysis of two independent
measurements during the tensile failure process, where the red dot denotes the intersection of the
FRC curve and the 1-bit threshold curve. Figure adapted from Paper I.

tomogram), which is significantly lower than the time-resolved 2D experiment. Since
the exposure time was the inverse of the frame rate, a significantly larger X-ray flux
went through the sample compared to the time-resolved 2D experiment. To protect
the detector, we used a total of 600 μm Si filters with a transmission of 0.0027. The
Si filters were placed behind the sample, i.e., between the sample and the detector,
to be able to induce radiation damage in the sample while maintaining an acceptable
flux on the detector. This provided us with the full dynamic range (12 bits) of the
detector at a frame rate of 750 Hz.

Figure 3.6(a) gives flat-field corrected 2D projections and two corresponding recon-
structed slices at t = 0.0 s and t = 47.7 s, respectively, showing the differences before
and after the radiation damage. Tomography reconstruction was performed using the
Gridrec algorithm⁴³ in Tomopy⁴⁴, a Python-based open-source framework. Similar
to FRC in the 2D imaging case, we estimated the resolution of the 3D reconstructions
using Fourier shell correlation (FSC), resulting in a resolution of approximately 6
voxels (24 μm).

Although this 3D imaging experiment was performed at 6 tps, significantly slower
than the state-of-the-art tomoscopy experiment⁴⁵, it is important to note that only
less than 0.3% of the flux was utilized. Therefore, the limiting factor here is the
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Figure 3.6: Time-resolved 3D imaging test at ForMAX. The flat-field-corrected projections and two correspond-
ing reconstructed slices at two different time points during the radiation damage process of a
wooden rod are shown in (a). The FSC analysis of two independent 3D reconstructions of the
sample is shown in (b), where the red dot denotes the intersection of the FSC curve and the half-bit
threshold curve. Figure adapted from Paper I.

rotational speed, rather than the flux. Potentially, if the rotational stage is capable
of faster rotations and the full flux is utilized, the acquisition speed can reach 2000
tomograms per second, with the same effective pixel size of 4 μm, full dynamic range
(12 bits) and 125 projections per tomogram.

3.2 XMPI Setup in a Nutshell

As is discussed in the previous section, higher flux density provided by synchrotron
light sources enables new imaging opportunities in terms of spatiotemporal resolution,
and such opportunities have been demonstrated at the ForMAX beamline. However,
in time-resolved 3D imaging as shown in Figure 3.6, the requirement of rapid sample
rotation is still a limiting factor in the experiment, as it may perturb the intrinsic

24



dynamics under investigation. To overcome this limitation, an alternative strategy is
XMPI, which exploits the available X-ray flux not by illuminating the sample with the
direct beam, but by first splitting the primary beam into several beamlets and illumi-
nating the sample simultaneously from multiple directions. This strategy eliminates
the need for fast sample rotation to obtain 3D information, although allowing a slow
rotation that does not affect the studied dynamics is still beneficial, as will be shown
later in Section 5.3.2 and Paper VII.

In this section, we will discuss the key modules of XMPI and their implementations at
the ForMAX beamline, MAX IV. The schematic is sketched in Figure 3.7(a) together
with an annotated photo from one of the XMPI experiments, where four crystals are
used to generate three secondary beamlets. The sample is placed on a sample stage
(preferably rotatable) at the intersection point of the beamlets. All three cameras are
synchronized and able to track the dynamics of the sample from different angles.

Figure 3.7: Schematic of the XMPI setup. (a) Crystals 1 − 4 are used to split the primary beam into three
beamlets that intersect within the investigated object. Afterwards, the beamlets are captured by
X-ray detector systems Cam 1 − 3; (b) A photograph of the experimental setup at the ForMAX
beamline with the corresponding annotations. Subfigure (b) adapted from Paper II.

As shown in Figure 3.7, the two main modules in the XMPI setup are the beam-
splitting system and the X-ray detector system, which will be introduced in the fol-
lowing subsections. For more technical details, we kindly refer readers to Paper II.

3.2.1 Beam-Splitting System

There are two main components in the beam-splitting system: the perfect crystals
and the nanopositioners. In the context of X-ray optics, a perfect crystal⁴ refers
to a crystalline material with a highly ordered and periodic lattice structure with
negligible impurities, dislocations, and defects. Perfect crystals are employed in the
beam-splitting system because they enable precise and controllable manipulation of
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the X-ray beam via Bragg or Laue diffraction, while the nanopositioners ensure that
all the crystals are placed properly to split the X-ray beam as designed.

Perfect Crystals

The core of the beam-splitting system is the perfect crystals, inspired by concepts
developed in interferometers, split-and-delay lines, and specific setups for single-shot
imaging⁴⁶,⁴⁷. Such perfect crystals can split an incident X-ray beam via two different
splitting schemes: spectral splitting and amplitude splitting. Spectral splitting refers
to the redirection of a portion of the incident beam’s spectrum to a new direction
due to diffraction by a crystal. This occurs when the crystal is oriented to fulfill the
Bragg or Laue condition, i.e., when the incident X-ray beam intersects a family of
lattice planes at a specific angle θB with respect to the beam direction. The redirected
portion of the beam (secondary beamlet) will then travel at an exit angle of 2θB.
Amplitude splitting refers to the positioning of the crystal so that this condition is
only fulfilled for a portion of the beam’s footprint, i.e., only part of the crystal is in
the beam path, allowing the rest of the beam to propagate unhindered⁴⁸. Compared
to spectral splitting, amplitude splitting avoids absorption losses at the expense of a
reduced field of view.

Upon these splitting schemes, several requirements need to bemet when designing the
beam-splitting system. First, all the generated beamlets should provide sufficient flux,
and the illumination needs to be stable and homogeneous. Second, it is preferred to
have a large angular span of the beamlets, as it is beneficial for subsequent 4D analysis
of the studied dynamics. Third, practicality needs to be considered, including the heat
resistance of the crystal, the available space for placing the crystals and the respective
X-ray detectors, the difficulty of crystal fabrication, and associated costs.

Taking into account all these requirements and the available equipment, we arrived
at the current solution of beam-splitters at ForMAX when the primary beam energy
was set as around 16.5 keV. Regarding the material of the crystals, we selected Ge
and Si, as these are among the most accessible materials with high purity. To generate
beamlets, all beam splitters employed spectral splitting. At the ForMAX beamline,
X-ray beams with high flux density and small band-pass (compared to the white
beam) are provided, as discussed in Section 3.1.2. These two factors result in a high
spectral flux density (flux density per bandwidth), ensuring sufficient flux density
for the spectral-splitted beams. In addition, Crystal 1 also served as an amplitude
splitter to reduce absorption losses. Specifically, in Figure 3.7, the first beamlet was
established by splitting the direct beam with Crystal 1 (Si-111) and recombining it
using Crystal 4 (Ge-400) at −17.0° relative to the direct beam; the second beamlet
was established using Crystal 2 (Si-111), resulting in 13.7° with respect to the direct
beam; the third beamlet was established using Crystal 3 (Ge-400), resulting in 30.7°
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with respect to the direct beam. As a result, all three beamlets were established with
a diffraction efficiency of 1%− 2% and the angular span reached 47.7°, providing a
solid foundation for subsequent 4D analysis.

Nanopositioners

Nanopositioners are also indispensable for successfully performing XMPI experiments
for the following two reasons. First, each crystal should be properly placed and ori-
ented to satisfy its Bragg condition. According to the dynamical theory of diffraction,
a perfect crystal can only reflect radiation with a near-unity efficiency within a narrow
angular range. This angular range is referred to as the Darwin width⁴⁹. For the Ge
and Si crystals used in the current XMPI setup at 16.55 keV, the Darwin width is
at the scale of a few arcsec, indicating the need to precisely orient all the crystals.
Second, all the beamlets should be properly aligned to intersect at a common point
in space, which will be used to place the sample for measurement. To precisely
position and orient all the crystals, we used a stack of six nanopositioners for each
beam splitter, providing six degrees of freedom (three translations, one rotation, and
two goniometers). Specifically, the translational stages provide a 1 nm closed-loop
positioning resolution with the horizontal (vertical) stage covering a total travel range
of 30 mm (8 mm); the rotation stage is capable of continuous rotation with an
accuracy of 0.036 arcsec; the goniometers are able to move ±5° with an accuracy
of 0.0036 arcsec.

3.2.2 X-ray Detector System

Overall, the X-ray detector system is responsible for providing high-quality 2D images
at a micrometer resolution at a high acquisition rate (up to MHz), depending on the
requirement of the studied sample. The X-ray detector system in the XMPI setup
employs an indirect scheme comprising three main components: scintillators, visible-
light microscopes, and fast visible-light cameras.

The first component is the scintillators, which convert X-rays into visible light for
all three beamlets. Specifically, to achieve a high yield without sacrificing the image
quality, the GaGG+ scintillators with a thickness of 250 μm are used.

The second component is visible light microscopes. Each microscope is equipped
with an objective holder featuring a motorized focusing unit, compatible with 5X or
10Xmagnification. Following the objective is a 1X tube lens holder with a motorized
camera rotation unit, which covers a range of 90mrad with an accuracy of 0.02mrad.
Additionally, all the microscopes are mounted on a motorized positioning system for
linear motion in two perpendicular directions.
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Table 3.1: Image Properties of the XMPI Setup Using Different Cameras. Table adapted from Paper II.

Camera Image Size (W x H) Effective Pixel Size (W x H) Full Dynamic Range
Photron Nova S16 1024 pixels × 1024 pixels 5.0 μm × 5.0 μm 12
Andor Zyla 5.5 2560 pixels × 2160 pixels 1.3 μm × 1.3 μm 16

The third component is fast visible-light cameras, which directly affect the acquisition
rate and the achievable spatial resolution of the XMPI experiment. It is essential to
note that a general trade-off exists between spatial resolution and acquisition rate for
most commercial cameras⁵⁰. Higher spatial resolution typically requires smaller pixel
sizes, which usually leads to a lower signal-to-noise ratio unless a longer exposure
time is used, thereby limiting the achievable acquisition rate. Hence, the selection of
cameras is decided by the actual needs of the experiment. In the work presented in
this thesis, we used two different commercial cameras: (a) PhotronNova S16 for faster
acquisition (above kHz) and slightly bigger pixel size (20 μm); (b) Andor Zyla 5.5 for
slower acquisition but smaller pixel size (6.5 μm). Table 3.1 summarizes the image
properties provided by the XMPI setup when using these two cameras, respectively,
where the effective pixel size is the pixel size of the camera divided by themagnification
of the objective.

Beyond the selection of the commercial camera, another requirement in the XMPI
experiment is to synchronize all the cameras so that they can either start or finish
acquiring images simultaneously. For synchronization, a hardware trigger signal is
needed. The ForMAX beamline offers solutions for both cameras: (a) the Zyla cam-
eras were fully integrated in the ForMAX signal control system, ensuring synchronized
hardware triggering using a PandABox⁵¹; (b) the Photron cameras were synchronized
in a chain configuration; one camera received the trigger signal and acted as the
primary transmitter; the other two cameras acted as receivers triggered by the first
camera.

3.3 XMPI - Opportunities and Challenges

Thanks to the high flux density provided by synchrotron light sources, the concept of
XMPI has been established, which eliminates the requirement for fast sample rotation
to study the dynamics from different angles. At the ForMAX beamline, MAX IV, a
stable XMPI setup has been established, where the beam-splitting system can provide
three beamlets covering an angular range of 47.7° at an energy of 16.5 keV, and the
X-ray detector system can provide high-quality synchronized image sequences with an
effective pixel size of several μm at an acquisition rate of above kHz. Potentially, XMPI
can create a new frontier for X-ray imaging, offering new scientific opportunities, as
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it enables 4D studies of unexplored phenomena due to the limitations of state-of-the-
art methods. For example, XMPI can be used to study rotation-sensitive samples,
samples with fast (above kHz) dynamics, and even single-shot phenomena, which is
not possible using rotation-based X-ray tomoscopy.

It is crucial to note that XMPI is a developing technique and there are still major
challenges. Besides ForMAX, XMPI has also been developed or implemented in
various modern X-ray sources worldwide, such as SPring-8 in Japan⁵²,⁵³, ESRF in
France⁵⁴, and European XFEL inGermany⁵⁵, employing similar principles but differ-
ing in technical details. In general, XMPI challenges can be categorized into hardware
challenges and software challenges.

From the hardware side, there is still space for further improvements of the beam-
splitting system. A general principle is to generate as many beamlets as possible
covering an angular range as wide as possible (preferably close to 90°), as it is beneficial
for retrieving 3D and 4D information of the studied sample. Regarding the number
of projections, the setup established in SPring-8, Japan, provides valuable insights,
which utilizes bent crystals to generate up to 32 beamlets⁵². However, such a setup
relies on a white beam as a primary beam with a much larger bandpass and a much
lower spectral flux density. This leads to significantly lower flux density per secondary
beamlet, compared to the ForMAX implementation. As a result, the 32-beamlet
system compromises its achievable spatiotemporal resolution. At a spatial resolution
of 65 μm, only part of the beamlets can provide 1 kHz projection images at a proper
image contrast and signal-to-noise ratio⁵². In addition, the limits in terms of available
physical space to fit all the equipment and remaining bandwidth available for spectral
splitting should always be taken into account. Regarding the angular range, obtaining
higher diffraction angles generally requires higher diffraction orders, at the cost of
lowering the diffraction efficiency, which results in a decrease in the image quality.
Such a trade-off needs to be carefully considered. We can foresee that optimizing the
beam-splitting method will be effort-demanding until it reaches the ultimate solution.

From the software side, XMPI also poses challenges regarding the subsequent 4D
analysis. It is important to note that the number of projections available in the XMPI
setup is far fewer than the requirement stated in the Crowther Criterion (discussed
in subsection 2.2.2). It means that the available spatial information of the studied
sample is extremely limited compared to cases where state-of-the-art tomoscopy works
properly with over 100 projections for reconstruction. In the following two chapters,
we will address this challenge by implementing triangulation-based 4D analysis in
Chapter 4 and novel AI-assisted 4D reconstructionmethods in Chapter 5, respectively,
with examples of flow dynamics.
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Chapter 4

4D Analysis of Flow Dynamics via
Particle Tracking with XMPI

Suppose we only have a single 2D image of a particle; in that case, it is impossible
to precisely determine its 3D position via triangulation. However, once an additional
image of the same particle is obtained from a second camera, and the relative geometry
between the two cameras is known, the 3D position can be uniquely identified, since
the location of a point in 3D space corresponds to the intersection of two or more
viewing rays. This idea naturally extends to the temporal domain: when an image
sequence of a moving particle is recorded from both cameras, its 3D trajectory can be
reliably tracked over time.

Tracking moving particles carried by flows using XMPI is conceptually straightfor-
ward but scientifically impactful. On one hand, from the perspective of fluid dynam-
ics, analyzing particle trajectories in 3D can help us understand the properties and
behavior of the flow, which is crucial for multiphase flow studies where microscopic
particles govern themacroscopic behavior. On the other hand, from the perspective of
XMPI development, it is the first application example for quantitative analysis enabled
by XMPI. Such a quantitative analysis serves as a good indicator of the robustness of
the XMPI setup, which will in turn motivate more applications in the near future.

In this chapter, we will present how XMPI is applied to the task of tracking particles
in 3D. First, we introduce the basic concepts, experimental setup and the 4D analysis
pipeline. Second, we present 3D particle-tracking results, including the analysis of in-
dividual and statistical behavior of tracked particles with a quantitative error analysis.
We conclude this chapter by summarizing the opportunities and upcoming future
works on the study of 4D flow dynamics using XMPI. For more technical details
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beyond the content of this chapter, readers are kindly referred to Paper VI.

4.1 Particle Tracking Velocimetry

particle tracking velocimetry (PTV) refers to a velocimetry method to measure veloc-
ities and trajectories of moving particles. Depending on the number of dimensions,
there are two categories of PTV methods: 2D PTV and 3D PTV. The former can be
achieved by a single camera capturing a sequence of images, while the latter can only
be achieved by a multiple-camera system in a stereoscopic arrangement.

The majority of commonly-used imaging approaches for 3D PTV rely on visible-light
setups, including stereoscopic shadowgraphy⁵⁶ and optical coherent tomography⁵⁷.
Despite their widespread use, these approaches are limited to transparent or semi-
transparent systems. X-rays, owing to their short wavelength and high penetration
capabilities, serve as a promising tool for high-resolution PTV in flows opaque to
visible light. Most of the X-ray-based 3D PTV setups utilize lab sources, such as
tomography-based setups⁵⁸, which rely on continuous rotation of the sample, and
stereographic setups⁵⁹, which stack multiple X-ray sources and detectors without
the requirement of rotating the sample. However, the achievable spatiotemporal
resolution of such setups is ultimately limited by the available flux from the lab-based
X-ray sources. Hence, XMPI, established upon synchrotron radiation facilities, can
serve as a new imagingmodality for 3D PTV, due to its unprecedented spatiotemporal
capabilities at the micrometer scale and above kHz. In this section, we will introduce
the XMPI experimental setup for 3D PTV and a practical pipeline for particle track-
ing.

4.1.1 Experimental Setup

Figure 4.1 illustrates the schematic of the XMPI setup for the study of 3D PTV con-
ducted in the ForMAX beamline, MAX IV. Two beamlets were established using crys-
tal beam splitters (corresponding to Camera 1 and 3 in Figure 3.7), covering an angular
range of 47.7°. Two X-ray detectors, positioned several centimeters downstream of
the studied sample, were used to simultaneously capture image sequences of particles
moving with the flow, providing an effective pixel size of 1.3 μm and an acquisition
rate of 40 Hz. As seen in Figure 4.1, the red circles highlight a large particle seen in
both detectors. Different edge-enhancement performances for particles are observed
due to slightly different sample-detector distances, as discussed in Subsection 2.1.3.

The studied sample consists of a Kapton tube with an inner radius of R ≈ 0.36 mm
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Figure 4.1: Schematic of the XMPI setup for 3D PTV. Figure from Paper VI.

and a wall thickness of roughly 25 μmwith a flow that can be driven by a syringe pump
(New Era Pump SystemsNE-4000). The particles used in this work were silver-coated
hollow glass spheres (SHGS) with amean radius of 5 μm and a density of 1400 kg/m3.
These particles are commonly used as tracers in fluid dynamics research and are well-
suited for X-ray imaging experiments⁶⁰. Either of the two followingmedia was used to
suspend the particles. The first is glycerol with a density of 1260 kg/m3 and viscosity
of 1.4 Pa · s. Glycerol behaves as a homogeneous, Newtonian fluid⁶¹, providing a
well-controlled reference flow with a linear relationship between shear stress and shear
rate. As a result, the flow field is smooth and predictable, making it suitable for vali-
dating the accuracy and precision of the proposed 3D particle-tracking approach. The
second is human blood of about 40 percent hematocrit obtained from theDepartment
of Transfusion Medicine at Karolinska University Hospital, Huddinge, Sweden. In
contrast to glycerol, blood is a heterogeneous and non-Newtonian fluid composed of
suspended cellular constituents, primarily red blood cells. Moreover, at such hemat-
ocrit levels, blood behaves as an optically opaque system due to strong absorption and
multiple scattering of visible light by cellular components. Consequently, the blood
flow not only represents a more challenging test case for particle tracking, but also
serves to highlight the advantage of X-ray-based approaches.

4.1.2 Particle-Tracking Pipeline

After conducting the experiment, we need a robust particle-tracking pipeline to con-
vert acquired image sequences into particles’ 3D trajectories. In this work, we built a
pipeline based on MyPTV⁶², which is an open-source toolbox originally designed for
a visible light setup, but can be easily adapted for our XMPI experiment.

Figure 4.2 shows the pipeline of the microparticle tracking process, including seven
main steps introduced as follows.
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Figure 4.2: The workflow of MyPTV-based microparticle tracking.

Preprocessing

The main purpose of this step is to generate a calibration target for the step “initial
camera calibration” and help detect moving particles for the step “particle segmenta-
tion”.

For the former purpose, first, we manually track a particle in both views and select
ten frames with a constant stride when this particle is within the field of view of both
cameras. Second, we generate the calibration image for both views by summing up
these ten frames so that ten different locations of the particle were clearly seen in both
views. Third, we create the calibration target file by recording the particle’s vertical
positions.

For the latter purpose, we create a binary mask of moving objects to help MyPTV de-
tect the particles more efficiently. Themask is created by thresholding pixels that differ
by a certain percentage from the mean image of the entire set of flat-field-corrected
frames (5% and 7.5%, respectively, for two detectors). Some problematic regions of
the images with fluctuating pixel intensities are manually determined and removed
from the binary mask.

Initial Camera Calibration

The main purpose of this step is to get a proper initial guess of the camera models
for the two detectors involved in the XMPI setup. For each detector, we need to
find a pinhole camera model that maps 3D world coordinates to 2D image pixels.
In visible light setups, it is typically done with a standard calibration target, such as
a checkerboard. Here, for the XMPI setup, we use the calibration image generated
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in the preprocessing step instead, as a suitable calibration target for XMPI was not
yet available when conducting the experiment. Although ten particle positions are
generally not enough for a precise calibration, we can still get a reasonable initial
camera model because the angles of two detectors (47.7◦) in the XMPI setup are
precisely known due to the diffraction condition of the used splitters. This step is
performed once we obtain two camera models that satisfy the angular configuration
of the XMPI setup, with an averaged calibration error of less than 1 pixel across all
ten particles shown in the calibration images. It is important to note that the initial
camera models will be updated later with reliably tracked particles.

Particle Segmentation

In this step, we use the masked images from the preprocessing step as the input.
A local mean subtraction filter, a median noise removal filter, and a Gaussian blur
filter provided in MyPTV toolbox are applied to boost the performance of particle
segmentation. The output of this step is the centroids of each particle with a diameter
between 3 pixels and 20 pixels in both cameras.

Particle Matching

The segmentation results from the previous step serve as input to this step. In 3D
PTV, matching particles across both cameras is challenging, as the number of such
combinations can be large, especially when a large number of particles exist in the
field of view, making a brutal search impractical. Therefore, in this step, the “par-
ticle marching” algorithm⁶³ supported in MyPTV toolbox is used to address this
challenge in an iterative manner. Matched particles across both cameras are then
utilized to triangulate the true 3D positions using epipolar geometry. In practice, the
most important parameter in this step is the maximum allowed triangulation error
in lab-space coordinates, which was set to 3-5 pixels in this work. It is worth noting
that increasing the number of available projections can be beneficial at this stage, as
it helps reduce the false particle detections in the 3D space.

Particle Tracking

The 3D trajectories of the particles are formed by linking matched particles over time.
At this step, we use the nearest neighbor method⁶⁴ provided in MyPTV.

Calibration with Reliably Tracked Particles

Long trajectories from the previous step are used to refine the camera models for each
view. Practically, we select trajectories longer than 50 frames for refining the camera
model. It is important to note that steps “particle matching”, “particle tracking”, and
this step follow an iterative process. We only proceed to the next step “trajectory
smoothing” if the number of trajectories and the average temporal trajectory length
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reach a certain level after the “particle tracking” step.

Trajectory Smoothing

Based on the 3D trajectories provided by the “particle tracking” step, linear fitting is
implemented to calculate the velocity uz , as acceleration is negligible in the cases of
particles in laminar flows studied in this work. When more complicated flows are
studied, polynomial fitting should be used to calculate the velocity and acceleration
of each particle.

4.2 Particle Tracking Results

In this section, we present the results obtained by the proposed 3D particle-tracking
pipeline. We first track individual particles and analyze their corresponding 3D tra-
jectories to understand their movement. Subsequently, we conduct an error analysis
for each tracked particle, focusing on the uncertainties in the detected 3D positions
and vertical velocities. Finally, we investigate the statistical behavior by aggregating all
tracked particles. This large collection of tracer particles enables the characterization
of the flow velocity field and demonstrates consistency with the error analysis.

4.2.1 Tracking Individual Particles

Using the 3D particle-tracking pipeline introduced in Section 4.1.2, we visualized and
analyzed the 3D trajectory for individual particles using the following two examples.

First, we studied cylindrical capillary flows with SHGS particles flowing in glycerol
at low particle concentration. As shown in Figure 4.3(a)-(b), three particles were
matched in two projections, which can be visually verified by the size and the vertical
position. To analyze the 3D trajectories in Figure 4.3(c), we plotted the relationship
between the vertical position and the time (Figure 4.3(d)), as well as the radial position
and the vertical position (Figure 4.3(e)), respectively. It can be observed that the
vertical velocities and the radial positions of these three particles are independent of
their vertical positions.

Second, we studied the motions of SHGS particles in human blood as an example
of a dense suspension. Similarly, the visualization and analysis of 3D trajectories of
three matched particles are shown in Figure 4.4. These three particles also keep a
constant vertical velocity, as linearity can also be clearly observed in Figure 4.4(d).
Figure 4.4(e) shows that particle 1 moves towards the center, while particle 3 moves
towards the wall, indicating migration behavior of these particles.
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Figure 4.3: 3D individual particle tracking example 1: particles in glycerol. (a)-(b) Three SHGS particles flowing
in glycerol were matched in two projections at two time points, respectively, with a red dot
indicating the center position of the tracked particle. (c) Visualization of 3D trajectories between
two time points shown in (a)-(b). (d) Vertical position vs. time; (e) Radial position vs. vertical
position. Figure adapted from Paper VI.

Figure 4.4: 3D individual particle tracking example 2: particles in blood. (a)-(b) Three SHGS particles flowing in
blood were matched in two projections at two time points, respectively, with a red dot indicating
the center position of the tracked particle. (c) Visualization of 3D trajectories between two time
points shown in (a)-(b). (d) Vertical position vs. time; (e) Radial position vs. vertical position. Figure
adapted from Paper VI.
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These two examples demonstrate that XMPI works as a new 3D particle-tracking tool
for both dilute and concentrated suspensions. Compared with visible-light-based ap-
proaches such as shadowgraphy, XMPI is not constrained by optical transparency and
remains applicable in dense suspensions or optically opaque flows. These capabilities
highlight the potential of XMPI for quantitative flow characterization in complex
multiphase systems. It is important to note that the reliability of such measurements
critically depends on an understanding of the associated uncertainties. Therefore, in
the next subsection, we will further analyze the sources of errors and quantify their
impact on the particle-tracking results.

4.2.2 Error Analysis

To perform error analysis of tracked particles, the coordinate systems, viewed from the
direction perpendicular to the optical plane, are defined as shown in Figure 4.5. The
red and green arrows denote the directions of two X-ray beamlets generated by our
XMPI setup, respectively. Coordinates (X,Y, Z), (X1, Y1, Z1), and (X2, Y2, Z2)
denote the lab coordinate, camera 1 coordinate, and camera 2 coordinate, respectively.
φ1 and φ2 denote the angle between X1 and X direction, X2 and X direction,
respectively. ϕ = φ2 − φ1 denotes the angular separation of two projections in the
XMPI setup, which is 47.7 degrees in the experiments conducted in this work. Note
that the cameras provide only 2D images, so the X1 and X2 coordinates cannot be
directly read from the acquired images.

Figure 4.5: Definition of the coordinate system for PTV error analysis. Figure from Paper VI.

In this subsection, we first derive the uncertainty of the position of a tracked particle.
Then, we can further calculate the uncertainty of particle velocity, since the velocity
is determined by linear fitting of the particle trajectory.

Uncertainty of Position

Suppose we have a particle located at r = (x, y) in the XY plane. From two cameras,
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y1 and y2 can be read to determine the particle position, as it is obvious fromFigure 4.5
that y1 = R− d1 and y2 = R− d2. Describing the particle position in two camera
coordinates (x1, y1) and (x2, y2), respectively, we have:x = x1 cosφ1 − y1 sinφ1 = x2 cosφ2 − y2 sinφ2

y = x1 sinφ1 + y1 cosφ1 = x2 sinφ2 + y2 cosφ2

(4.1)

After eliminating x1 and x2, which cannot be directly read from the images, we have:
x =

y1 sinφ1 + y1 sin(φ1 − 2φ2) + y2 sinφ2 − y2 sin(2φ1 − φ2)

cos(2φ1 − 2φ2)− 1

y =
2 (y1 sinφ2 − y2 sinφ1) sin(φ1 − φ2)

cos(2φ1 − 2φ2)− 1

(4.2)

In Equation 4.2, the uncertainty of both x and y originates from the uncertainty of
y1 and y2. Therefore, based on the propagation of uncertainty⁶⁵, we have:

σx =

√(
∂x

∂y1
σy1

)2

+

(
∂x

∂y2
σy2

)2

σy =

√(
∂y

∂y1
σy1

)2

+

(
∂y

∂y2
σy2

)2
(4.3)

Furthermore, for calculating the uncertainty of the radial position in the XY plane,
we have: 

r =
√
x2 + y2

σr =

√
σ2xx

2 + σ2yy
2

r

(4.4)

In 3D PTV conducted in this experiment, we focus on getting the radial position
of each particle, regardless of the orientation of the lab coordinate in the XY plane
(defined by φ1). Therefore, for simplicity in estimating σr, we select φ1 = (90◦ −
ϕ)/2 = 21.15◦ so that σx = σy = σr/

√
2.

Given that both X-ray detectors are identical and independent regarding their detec-
tion efficiency and spatiotemporal resolution despite their slightly different sample-
detector distances, the uncertainties of y1 and y2 are the same. Given that the cameras
have the same resolution in both axes, we further assume that this uncertainty is equal
to σz , which describes the uncertainty in vertical position in the lab coordinate. We
estimate σz by considering three main sources of error. The first is related to the
instability of the beamlet, giving σ1 = 1 pix. The second is related to the particle
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segmentation step in the MyPTV analysis. Considering the difficulty of deciding the
center of each particle, especially when several particles contact or interact with each
other, a reasonable uncertainty of σ2 = 2 pix is used. The third comes from the
camera calibration process, resulting in σ3 = 1 pix. Therefore, wrapping up all three
sources of uncertainty, we have:

σy1 = σy2 = σz =
√
σ21 + σ22 + σ23 = 2.45 pix (4.5)

Using Equations 4.2 - 4.5, the relationship of ϕ and the ratio σr/σz is shown in
Figure 4.6. The uncertainty in radial position decreases when the angular separation
ϕ increases towards 90°, validating that increasing the angular coverage of the XMPI
can be beneficial, as discussed in Section 3.3.

Figure 4.6: The relationship between the XMPI angular separation ϕ and the radial position uncertainty
described in the ratio of σr/σz . Figure from Paper VI.

In this XMPI experiment, ϕ = 47.7°, so the uncertainties of the position of the
tracked particle are:σz = 2.45 pix

σr =
√
2σx =

√
2σy = 1.91σz = 4.7 pix

(4.6)

Uncertainty of Velocity

Suppose we have multiple points (zi, ti) with i = 1, 2, . . . , n for a certain trajectory,
where n indicates the temporal length of the trajectory (the number of frames per
trajectory); zi is the vertical position given by the tracking results at time t = ti.
The vertical velocity uz is thus the slope of the fitted line with an uncertainty σuz

given in Equation 4.7, which is dependent on both σz and the temporal length of the
trajectory, as shown in Figure 4.7.

σuz = σz ·

√
1∑

(ti − t̄)2
(4.7)
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Figure 4.7: The relationship between the temporal length of a specific trajectory and its uncertainty of the
vertical velocity. Figure adapted from Paper VI.

To sum up, in this work, we can estimate that the vertical position uncertainty is
σz = 2.45 pix = 3.2 μm; the radial position uncertainty is σr = 4.7 pix = 6.1 μm.
The uncertainty of vertical velocity is proportional to σz and depends on the temporal
length of the trajectory. A longer trajectory results in lower velocity uncertainty.

4.2.3 Statistical Behavior of Tracked Particles

Up to now, we have demonstrated the ability to track individual micrometer-sized
particles in 4D and discussed the sources of error when using XMPI. We can further
extend the study from individual behavior to statistical behavior, which is crucial for
researchers to understand the properties of the studied flows when small particles
primarily follow the fluid motion. For instance, by tracking sufficient particles at
different locations and performing statistical analysis, we can estimate the velocity
field of the flow. In this subsection, we study the statistical behavior of thousands
of tracked SHGS particles in glycerol through the Poiseuille flow⁶⁶ in the cylindrical
capillary. In theory, the Poiseuille flow follows a parabolic axial velocity profile⁶⁷, as
stated in Equation 4.8:

uz =
2Q

πR2

(
1− r2

R2

)
, (4.8)

where R denotes the radius of the cylindrical capillary, r (r ≤ R) denotes the radial
position from the center of the cylindrical capillary, uz denotes the vertical velocity
along the capillary, and Q denotes the flow rate.

Figure 4.8(a)-(b) demonstrates the 3D tracking results of 2471 SHGS particles (min-
imum trajectory length: 20 frames) in glycerol flowing through the cylindrical capil-
lary at a flow rate of 0.1mL/h and a 0.1wt.% particle concentration. Among all 2471
trajectories, the average Pearson correlation coefficient between vertical coordinate z
and time t is 0.9992 (very close to 1), indicating that the acceleration of particles
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Figure 4.8: Statistical behavior of tracked particles. (a) Stacking all 3D trajectories of tracked particles; (b)
Horizontal distribution of particles and their vertical velocities; (c) Vertical velocity as a function of
radial position compared with the theoretical parabolic velocity profile (red curve).

in the vertical direction is negligible. Figure 4.8(c) gives the vertical velocity as a
function of radial position, with a comparison of the theoretical parabolic Poiseuille
flow profile (the red curve). Based on Subsection 4.2.2, a 3σ error band is created by
considering both uncertainties of radial position (6.1 μm) and velocity (0.005mm/s).
As a result, 95.8% of all tracked particles are inside the error band, which validates the
ability to retrieve statistical properties when conducting 3D PTV using XMPI. More
experimental results with different flow rates and different particle concentrations
using the same workflow as described in Section 4.1.2 can be found in the appendix
of Paper VI. All of these experiments result in over 90% of tracked particles lying
inside the 3σ error band, validating the robustness of extracting statistical behavior in
XMPI-based 3D PTV study.

To sum up, the statistical analysis of a large number of tracked particles demonstrates
that XMPI-based 3D PTV is capable of reliably retrieving macroscopic flow properties
from microscopic particle trajectories. Using the glycerol flow as a reference case, we
reached an agreement between the experimentally obtained velocity distribution and
the theoretical Poiseuille flow profile, which confirms the validity of the proposed 3D
particle-tracking pipeline.

4.3 Opportunities and Challenges

In this chapter, we have discussed the first 3D PTV study using the XMPI experimen-
tal setup and the MyPTV-based particle-tracking pipeline. Using the current XMPI
setup at the ForMAX beamline, we validate the capability of tracking individual parti-
cles with an uncertainty of 3.2 μm regarding the vertical position and an uncertainty of
6.1 μm regarding the radial position, which further enables determining the statistical
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flow properties, such as the velocity profile. Such a study shows the potential of using
XMPI as a new imaging modality for quantitative 4D analysis of flow dynamics. For
example, similar studies can be used to investigate various flows in more complex
geometries, such as porous media or other custom-made 3D-printed geometries at
the micro-meter scale. Moreover, XMPI provides unique opportunities to bridge the
gap between experimental studies and particle-resolved computational fluid dynamics
(CFD) simulations.

There are also several challenges regarding the 4D analysis to be addressed. First,
there is still room to improve the MyPTV-based particle-tracking workflow. For
camera calibration, it is beneficial to have a grid-like calibration target suitable for
an X-ray imaging experiment. This will not only result in a more precise initial
camera model to reduce the iterations among particle matching, particle tracking, and
recalibration, but also help with the correction of commonly existing lens distortion
in high-resolution X-ray detector optics used in synchrotron light sources⁶⁸. Second,
the current particle-tracking workflow primarily works for relatively low particle con-
centrations. At higher particle concentrations, segmentation of each particle becomes
impractical. In such a scenario, alternative methods for analysis need to be considered,
such as optical flow (OF)⁶⁹ and particle image velocimetry (PIV)⁷⁰. OF can assign a
2D velocity vector to every pixel by enforcing the conservation of intensity between
consecutive images to estimate the velocity, while PIV calculates the 2D velocity by
tracking the average displacement of tracer particles within a small window between
two frames. Paper VI provides both OF and PIV using 2D image sequences provided
by each detector in the XMPI setup; however, combining such 2D velocity fields
to a 3D velocity fields with respect to time remains challenging and requires further
investigation in the near future.
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Chapter 5

AI-Assisted 4D Reconstruction
from Sparse Spatiotemporal Data

Up to this point, we have discussed the motivation and implementation of XMPI and
introduced 3D particle tracking as an example of 4D analysis enabled by XMPI. In
this chapter, we move to a more ambitious goal: full-field 4D reconstruction using
image sequences acquired by only two to three detectors with a limited angular range
in XMPI.

While classical iterative algorithms shown in Figures 2.6 and 2.7 are unable to properly
address this severely ill-posed 4D reconstruction problem, they offer valuable insights
for developing a progressively refined, self-consistent reconstruction strategy. When
combined with the power of AI, or more specifically, deep learning, which provides
unprecedented capability to capture complex prior knowledge for 4D reconstruction,
reaching an end-to-end solution from acquired 2D image sequences directly to a 4D
reconstruction becomes feasible.

This chapter is organized as follows. First, we start with an overview of deep learning
and the neural network architectures that help build the 4D reconstruction solution.
Second, we introduce our proposed ”AI + Physics” solution to address the 4D recon-
struction challenge posed by XMPI. Third, we present how the proposed solutions
work for several applications in flow dynamics. This chapter is closely related toPapers
III, IV, V, and VII.
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5.1 Overview of Deep Learning

Over the recent decade, deep learning has emerged as a major research focus in AI re-
search, owing to the revolutionary development of hardware enabling high-performance
computing, the availability of massive high-quality datasets, and the development of
relevant algorithms⁷¹. Deep learning refers to a type of machine learning that utilizes
a deep neural network, inspired by the structure of the human brain, to learn from
data automatically with minimum human intervention. In deep learning research, a
fascinating theory is called the universal approximation theorem⁷², which states that
neural networks with a certain structure can approximate any continuous function to
any desired degree of accuracy, providing a mathematical foundation for using neural
networks in real-world applications.

Such a capability of deep learning provides invaluable insights for tackling the 4D
reconstruction challenge, where we seek to reconstruct in higher dimensions (4D)
from limited observations in lower dimensions (2D image sequences). The extracted
spatial and temporal patterns from the given data in imaging applications, such as the
shape and the motion of the studied object, are also referred to as 4D priors⁷³. Such
prior information can potentially provide effective constraints in the solution space,
helping to offer a reliable end-to-end 4D reconstruction solution that addresses the
limitation of classical reconstruction methods, where a 4D reconstruction problem is
decomposed into many unrelated 3D reconstruction problems, as discussed in Chap-
ter 2.

In this section, we will go through some basic concepts and neural network archi-
tectures in deep learning as preparation for proposing AI–based solutions for 4D
reconstruction discussed later in Section 5.2.

5.1.1 Basic Concepts in Deep Learning

Loss Function

A deep learning model can be regarded as a complex (usually nonlinear) parametric
systemMθ mapping the inputs and the outputs, by combining linear and nonlinear
transformations. The parameter set θ contains all learnable components of the model,
determining how the deep learning model processes the information. To search for
the optimum θ in the deep learning model, we need to define a loss or cost function
with the help of the available data. A common way to express the loss function is
shown as follows:

L(θ) = E(x,y)∼pdataL(Mθ(x),y) (5.1)
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where Mθ(x) denotes the model output using the input x; y denotes the target
output; L(·) denotes a pointwise discrepancy measure (e.g., the mean squared error
(MSE)) that quantifies the error between the model output and the target output;
E(x,y)∼pdata(·) denotes the expectation over the data distribution, which is usually
approximated by averaging finite samples within the available dataset.

In fact, the choice of the loss function is task-oriented, which can potentially de-
termine the performance of the neural network. In imaging, particularly in 4D
reconstruction, the loss function may include additional terms, e.g., a penalty term
to enhance spatial or temporal sharpness or to enforce physics-informed consistency
of the reconstructed dynamics. As presented later in Section 5.2, designing the loss
functions plays a crucial role in our proposed 4D reconstruction workflow.

Model Training

Mathematically, the deep learning process can be formulated as an optimization prob-
lem of finding optimal model parameters by iteratively minimizing the loss function.
This minimization procedure is also referred to as model training. During model
training, the most important step is to calculate the gradient of the loss function
with respect to the model parameters∇θL(·), using backpropagation⁷⁴, a mechanism
that applies the chain rule throughout the deep learning model. Since the gradient
determines how small changes of each parameter influence the loss function, it pro-
vides guidance for parameter updates. Gradient-based optimizers⁷⁵, such as stochastic
gradient descent (SGD) or the adaptive moment estimation (ADAM) optimizer, can
then be implemented to refine the model. By repeatedly computing gradients and
adjusting the parameters accordingly until the loss function falls below a set threshold,
we complete the model training.

In practice, the model training requires a huge amount of computational resources
and is often performed on graphics processing units (GPUs). For all AI-assisted
works presented in this thesis, we utilized NVIDIA V100GPUs with 32GB of RAM
installed in the high-performance cluster at MAX IV⁷⁶.

5.1.2 Neural Network Architectures

In this section, we introduce some basic neural network architectures that are com-
monly used in imaging tasks, which serve as basic elements of building the 4D recon-
struction solution for X-ray imaging presented later in Section 5.2.

Neuron - the Fundamental Unit

To start with, we introduce the neuron (also known as the perceptron), which is the
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fundamental unit of any deep neural network. The structure of a neuron is illustrated
in Figure 5.1, including an input vector x, a weight vector w, a bias value b, an
activation function f , and an output value y. The formalism can be expressed as
Equation 5.2:

y = f(w · x+ b). (5.2)

Figure 5.1: Illustration of a neuron - the fundamental unit of a neural network.

It is important to note that the activation function f needs to be non-linear; other-
wise, no matter how many neurons are connected to each other, it would collapse
into an equivalent single linear transformation, limiting the representation ability.
Commonly-used activation functions include the sigmoid function f(x) = 1/(1 +
e−x) and the ReLU function f(x) = max(0, x).

FCNN and CNN

Neurons are organized into layers, which are interconnected to create the neural
networks. Two of the most basic architectures of neural networks are fully-connected
neural network (FCNN)⁷² and convolutional neural network (CNN)⁷⁷.

Figure 5.2: Example of an FCNN consisting of one input layer, two hidden layers, and one output layer.

An FCNN is characterized by its dense interconnectivity, which means that every
neuron in one of the layers (except the output layer) interconnects with every neuron
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in the subsequent layer. Figure 5.2 shows an example of FCNN, consisting of an
input layer (containing three neurons), an output layer (containing two neurons),
and two hidden layers in between. The hidden layers are responsible for learning
complex representations from the input data. Usually, the early hidden layers are
responsible for capturing simple patterns or structures, while the latter hidden layers
utilize the simple patterns to learn more complex representations. Such a hierarchical
feature extraction process enables the FCNN to reliably generate the output, which
is helpful for implementing the concepts of neural implicit representation (NIR) and
physics-informed neural network (PINN) to be discussed later in this section.

FCNN also has its limitations, especially when images serve as the input. Let us
consider a scenario where a 2D image is flattened to feed into the hidden layers. Fully-
connected hidden layers not only induce a huge number of trainable parameters posed
by the interconnectivity, but also ignore the spatial structure of images, meaning that
we might lose valuable information from the available data.

Figure 5.3: Example of a convolution layer (a) and a pooling layer (b) used in CNN.

Such limitations motivate the design of CNN, where we replace some early fully-
connected layers with sequences of convolutional layers and pooling layers based on
locally-connected operations, as shown in Figure 5.3(a) and (b), respectively. The
convolutional layers apply a set of learnable kernels that slide across the image, pro-
ducing feature maps that respond to local structures of the image, such as edges and
contours⁷⁸. Beyond that, introducing convolutional kernels (usually with a size of
3 × 3 or 5 × 5) also significantly reduces the number of parameters compared to
fully-connected layers, as weights are shared across spatial locations rather than learned
independently for every pixel. The pooling layers perform spatial downsampling
by aggregating local regions, usually by taking the maximum or the average. This
operation reduces the size of intermediate feature maps while retaining the important
features extracted, making the workflow even more computationally efficient.

Generative Adversarial Network (GAN)

Introduced by IanGoodfellow et al. in 2014, generative adversarial network (GAN)⁷⁹
quickly became one of the highlights in deep learning research, due to its eye-catching
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structural design and its outstanding generative capability. GAN follows a two-network
architecture, including a generator network and a discriminator network. Both FCNN
and CNN can be used to implement these components, although in imaging appli-
cations, it is more common to employ CNN for the discriminator due to the ability
to capture spatial structures and local features.

Figure 5.4: The general workflow of GAN. Figure adapted from Ref. 80.

The workflow of GAN is depicted in Figure 5.4. In essence, two competing neural
networks are engaged in a zero-sum game: the generator tries to minimize the chance
that the discriminator detects fake images, while the discriminator tries tomaximize its
detection accuracy. Both networks are trained simultaneously based on their respec-
tive loss functions until an equilibrium is reached, at which point the discriminator
can no longer correctly identify the generated images, and we obtain high-quality
images from the well-trained generator.

GAN serves as a crucial component when designing 4D reconstructionmethods using
sparse views, as presented in Papers III and IV.

Neural Implicit Representation (NIR)

In imaging applications, the information of an object is typically stored explicitly
using a discretized pixel (2D) or voxel (3D) representation. However, such grid-based
representations become inefficient as the required resolution or dimensionality in-
creases. In high-dimensional applications (e.g., 3D or 4D), the number of required
grid points grows exponentially This phenomenon leads to huge memory consump-
tion and computational cost, making grid-based representation impractical in many
applications.

To address these limitations, NIR provides a more elegant and flexible alternative.
Instead of storing data explicitly on discrete grids, an implicit deep learning model
learns a continuous function of the coordinates (e.g., a function of space coordinate
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(x, y, z) for 3D applications or a function of space-time coordinate (x, y, z, t) for 4D
applications). Specifically, in the 4D reconstruction task presented in this chapter, we
need to learn the mapping from the 4D coordinate to the index of refraction of the
studied sample:

n = Nθ(x, y, z, t), (5.3)

whereNθ(·) denotes the deep learning model with a parameter set θ, and n represents
the index of refraction characterized by δ and β, as discussed in Equation 2.2. Com-
pared to grid-based representations, this coordinate-based representation Nθ(·) is
more memory-efficient and resolution-independent. Namely, once such a continuous
function is successfully learned, we can sample it according to our desired (spatial or
temporal) resolution.

The ability NIR to represent complex objects as continuous functions is supported by
the universal approximation theorem. This theoretical foundation explains why NIR
can capture fine-scale structures and complex geometries without explicit discretiza-
tion, making it particularly suitable for high-dimensional imaging problems where
grid-based representations suffer severely from the curse of dimensionality.

Neural radiance field (NeRF)⁸¹ is one of the influential works using the concept
of NIR. It represents a 3D scene for a visible-light setup by using an FCNN that
maps spatial coordinates and viewing directions to volumetric density and radiance.
During model training, NeRF optimizes this implicit function to match multi-view
observations, enabling reliable 3D reconstruction from sparse 2D observations. The
concept of NIR serves as a key aspect for the 4D reconstruction framework for X-ray
imaging, as discussed later in Section 5.2.

Physics-Informed Neural Network (PINN)

While NIR provides a flexible way to represent an object or a physical field as a contin-
uous implicit function of coordinates, the training of such a function is usually chal-
lenging due to a large solution space. As a result, the learned function Nθ(x, y, z, t)
alone does not naturally guarantee physical plausibilities. To address this issue, the
concept of PINN⁸² is proposed, which incorporates known physical laws directly into
the learning process to constrain the solution space. The physical laws are typically
expressed as a partial differential equation (PDE):

F
(
Nθ(x, y, z, t)

)
= 0, (5.4)

where F denotes the differential operator.

A key enabler of PINN is automatic differentiation (AD)⁸³, which allows the deriva-
tives required by F to be computed exactly with respect to either spatial or temporal
coordinates. To integrate the PDE constraint into the model learning process, the
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PINN loss can be designed as:

LPDE = Ex∼Ω

[
F
(
Nθ(x, y, z, t)

)2] (5.5)

where Ω denotes the continuous domain over which the physical law is enforced. In
practice, this means that a set of points (x, y, z, t) ∈ Ω is sampled within the domain,
and automatic differentiation is used to evaluate the differential operator F at those
points, enabling the neural network to satisfy the PDE constraint throughout the
entire continuous domain.

The power of utilizing the concept of PINN is demonstrated later in Section 5.2.2 and
in Paper IV.

5.2 “AI + Physics” 4D Reconstruction Framework

Up to this point, we have discussed the fundamentals of X-ray imaging physics (Chap-
ter 2) and deep learning (Section 5.1). In this section, we focus on combining the
power of AI and physics to address the 4D reconstruction challenges posed by the
sparse-view measurements from the XMPI setup. As discussed previously, in such
4D reconstruction problems, only a very limited number (≤ 3) of projections are
available at each time point, making the reconstruction problem severely ill-posed if
each time frame is treated independently. In fact, the objective of 4D reconstruction
extends beyond recovering the spatial structures of the studied sample; it also aims to
capture the temporal evolution of the studied system. Simply stacking independently
reconstructed objects at successive time points may lead to spatiotemporally incon-
sistent or physically implausible 3D movies. Therefore, these considerations motivate
the development of reconstruction approaches that operate directly in the 4D domain,
rather than relying on a volume-by-volume reconstruction scheme.

Here, we will present three solutions: 4D-ONIX (4D Optimized Neural Implicit
X-ray Imaging), 4D-PIONIX (4D Physics-Informed Optimized Neural Implicit X-
ray Imaging), and X-Hexplane. The core of all three methods is to utilize NIR to
progressively learn the mapping from the 4D coordinate (x, y, z, t) to the index of
refraction n(δ, β) of the studied dynamic object. In the X-ray regime, the electron
density is proportional to the refractive index decrement terms δ and β ⁸⁴, which in
turn scales with the macroscopic mass density of the material. Hence, reconstructing
the index of refraction is equivalent to reconstructing the material composition within
the studied object. All three methods are capable of reconstructing dynamics in 4D in
an “end-to-end” manner directly from 2D image sequences acquired by XMPI setup,
but they lie in different “comfort zones”.
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5.2.1 4D-ONIX

In this subsection, we present the workflow of 4D-ONIX. As shown in Figure 5.5(a),
4D-ONIX consists of two main neural networks: a 4D generator and a discriminator.
The 4D generator Nθ(x, y, z, t) is formed by an FCNN, generating the mapping
from the 4D coordinate to the index of refraction as shown in Equation 5.3. As
discussed in Chapter 2, the index of refraction dictates how X-rays propagate through
thematter. In other words, it performs as a “bridge” between the 3D object and the 2D
projection image. Once we sample sufficient query points along a ray within the ob-
ject in a certain direction at a given time, as shown in Figure 5.5(b), we can compute the
line integral based on the projection approximation to form a pixel in the projection
plane. By assembling all the rays along one direction, the predicted projection image
is formed. In principle, such a projection image can be either absorption-contrast or
phase contrast, but we only showcase the absorption-contrast in the context of this
work. When a generated projection image is obtained from an angle at which we have
collected a real image, we compare them directly to enforce self-consistency; when a
real image is unavailable, we enforce random-view consistency with the help of the
discriminator.

The discriminator is formed by a CNN. The discriminator aims to distinguish image
patches⁸⁵ extracted from real (measured) projection images from those generated by
the generator. Using feedback from the discriminator, the generator can be trained to
provide a higher-quality 4D representation, leading to more indistinguishable projec-
tion images for the discriminator. It is important to note that introducing adversarial
learning also helps achieve multiple-experiment consistency in the 4D reconstruction.
For example, when several similar samples or dynamics are studied using XMPI, all
the collected 2D projections can potentially contribute to the competition between
the generator and the discriminator, which results in better performance of the 4D
generator. We will discuss this point in more detail in Section 5.3.1.

In 4D-ONIX, two different loss functions are involved to constrain the 4D recon-
struction. The first is the self-consistency loss (Equation 5.6), aiming to compare the
pixel-wise difference between the real projection image and the generated projection
image:

LMSE =
∑
ν∈A

∥cv − ĉν∥22 , (5.6)

where A denotes the set containing available angles from which the projections are
recorded by the XMPI setup; cv and ĉν denote the 2D image of the real and generated
projections, respectively. Specifically, each pixel value ĉν(xc, yc; t) in image ĉν at a
given time point t can be expressed as follows:

ĉν(xc, yc; t) = Pν(Nθ(x, y, z, t)) (5.7)
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Figure 5.5: The workflow of 4D-ONIX. (a) The 4D representation generates the mapping from a space-time
coordinate with optional encoded information to the index of refraction of the sample. The
representation is constrained by i) self-consistency between the generated and recorded 2D image
at given angles, and ii) feedback from the discriminator based on the generated 2D image at
random angles. (b) The process of generating a predicted projection image. Figure adapted from
Papers III and IV.

where (xc, yc) denotes the 2D camera coordinate; and Pν denotes the projection
operator at a given angle ν, as illustrated in Figure 5.5(b).

The second is the GAN-loss (Equation 5.8), aiming to evaluate whether a generated
projection image is feasible or not:

LGAN = Ecv∼pD log(D(cν)) + Eĉν∼pν log(1−D(ĉν)), (5.8)

where E denotes the expectation; pD and pν denote the data distribution over the
real (measured) projection images and projection images generated by 4D-ONIX,
respectively;D denotes the discriminator.

Additionally, 4D-ONIX provides the option to include latent features of the sample¹⁷
extracted from the input projection images using a CNN as a third neural network,
as shown in the left-hand side of Figure 5.5(a). Such an option enhances the represen-
tation capability, which is particularly useful when dealing with imaging objects with
complex structures.

5.2.2 4D-PIONIX

In this subsection, we present the workflow of 4D-PIONIX, the successor of 4D-
ONIX. As mentioned previously, achieving a physically plausible 3D movie is one of
the main considerations in 4D reconstruction. In a dynamic system, the governing
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full-physical model is typically expressed as a series of PDE, which can work as a
crucial sample prior for the 4D reconstruction task.

Figure 5.6: The workflow of 4D-PIONIX. Compared with 4D-ONIX, the 4D representation is further constrained
by the PDE-based loss from the full physicalmodel of the studied dynamic system. Figure from Paper
IV.

4D-PIONIX, as shown in Figure 5.6, has an additional constraint to the 4D recon-
struction using the full physical model of the dynamics. To include this additional
constraint, we modify the output layer of the 4D generator by adding auxiliary vari-
ables involved in the full physical model. In fluid dynamics applications shown later
in Section 5.3.1, the velocity fieldu and the pressure field p are included. By exploiting
automatic differentiation, we can establish LPDE as a third term in the loss function
according to the PDE that describes the dynamics. For example, LPDE can be built
upon the Navier-Stokes equation in fluid dynamic applications. In Section 5.3.1, we
will present howLPDE is established in the droplet-collision example and validate the
power of implementing it.

5.2.3 X-Hexplane

Although both 4D-ONIX and 4D-PIONIX can provide an end-to-end solution for
the 4D reconstruction challenge posed by XMPI, they are computationally heavy
as they learn the representation of the index of refraction directly in the 4D space.
Inspired by TensoRF⁸⁶ and Hexplane⁸⁷, two pioneering works designed for visible-
light setups that demonstrate the power of factorizing the 4D scene tensor into mul-
tiple compact, low-rank tensor components, we incorporate essential adaptations for
XMPI and establish X-Hexplane.

X-Hexplane modifies the 4D generator of 4D-ONIX and 4D-PIONIX by decompos-
ing a 4D spacetime grid into six feature planes (XY, ZT, XZ, YT, XT, YZ) spanning
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each pair of coordinate axes, as shown in Figure 5.7. Each sampled point (x, y, z, t)
is projected onto all six feature planes. Bilinear interpolation is applied to extract
six corresponding feature vectors, which are then aggregated to form a fused feature
vector, followed by an FCNN to generate the index of refraction. Such an architecture
jointly encodes spatial structures and temporal evolution and allows the network to
share information across different time steps, making it suitable for 4D reconstruction
under XMPI configurations where spatial information at each time point is limited.
To optimize X-Hexplane, we keep using the self-consistency loss as done in 4D-ONIX
and 4D-PIONIX (Figure 5.5(b) and Equation 5.6). In practice, such a modification
of the 4D generator usually leads to a significantly faster training process (approx. 20
minutes) compared to 4D-ONIX or 4D-PIONIX (approx. 1 day), which potentially
opens up new possibilities of implementing online 4D reconstruction during XMPI
experiment.

Figure 5.7: 4D generator used in X-Hexplane. Each sampled point (x, y, z, t) is projected onto six feature
planes and fused to form a feature vector before feeding into the FCNN. Figure adapted from
Paper V.

5.3 Applications

In this section, we focus on two representative applications of fluid dynamics that
benefit from the development of XMPI and discuss the 4D reconstruction results
provided by our proposed “AI + Physics” solutions. These applications also help
us understand the “comfort zones” of each reconstruction method more clearly and
provide insights for future XMPI experiment and reconstruction strategies.

The first example is the 4D reconstruction of the droplet collision process, which is
important for various natural and industrial processes, such as raindrop formation⁸⁸
and drug delivery⁸⁹. Most studies focusing on droplet collisions are conducted in 2D
with visible-light setups⁵⁵, such as shadowgraphy, which generally suffer from a lack of
volumetric information about the collision dynamics and from opacity to visible light.
Such limitations can be addressed using XMPI thanks to its rotation-free property
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and its ability to penetrate. For this example, we simulate the XMPI experiment to
observe the droplet collision process, and then validate the 4D reconstruction using
4D-ONIX and 4D-PIONIX described in Section 5.2.1 and 5.2.2.

The second example is to reconstruct and analyze the process of flows penetrating
through porous media in 4D. Studying liquid movement in porous media is impor-
tant across various fields, such as fuel cells⁹⁰ and carbon storage⁹¹. In such studies, one
key mechanism during the penetration through porous media is called the “Haines
Jump”⁹², describing instantaneous filling of pores once a threshold pressure⁹³ is over-
come. XMPI provides unique capabilities to investigate the “Haines Jump” in 3D
in the subsecond timescale. For this example, we present the XMPI experiment, the
subsequent 4D reconstruction using X-Hexplane (described in Section 5.2.3), and the
analysis of the pore filling process.

5.3.1 Droplet Collision

Regarding the droplet collision procedure as a first validation of the proposed 4D
reconstruction workflows, we consider a controlled and reproducible test case that
provides access to both 4D ground truth and corresponding 2D projection images
compatible with an XMPI acquisition geometry. Numerical simulations naturally
fulfill these requirements by offering full control over the underlying dynamics while
providing reference solutions. In this subsection, we investigate the 4D reconstruc-
tion of the simulated droplet collision procedure, which serves as a physically rele-
vant benchmark for ultra-fast dynamics. We first describe the simulation procedure
used to generate the 4D ground truth and the corresponding 2D projection data.
Subsequently, we introduce the quantitative metrics for evaluation and compare the
performance of 4D-ONIX and 4D-PIONIX.

Simulation

The simulation was conducted in two steps. First, we simulated the droplet collision
process in the 4D domain, where two identical droplets at a diameter of 80 μm
collide head-on at a constant speed. This process is governed by the following non-
dimensionalized Navier-Stokes equation for the incompressible fluid with potential
surface tension η∇ψ (η denotes the chemical potential as defined in Cahn-Hilliard
equation⁹⁴):

ρ(ψ)
(
∂tu+ u · ∇u

)
− µ(ψ)

Re
∇ · ∇u+∇p+ η∇ψ

We
= 0 (5.9)

∇ · u = 0 (5.10)

In Equations 5.9 and 5.10, ψ ∈ [−1, 1] is the phase variable, with ψ = 1 representing
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pure water, ψ = −1 representing pure air, and ψ ∈ (−1, 1) representing a combi-
nation phase of water and air; Re and We denote non-dimensional Reynolds number
and Weber number, respectively; u and p denote the vectorial velocity and scalar
pressure fields, respectively; the densities (ρ) and the viscosities (µ) are expressed as a
function of ψ:

ρ(ψ) =
1

2

(
(1 + ψ)ρ1 + (1− ψ)ρ2

)
and µ(ψ) =

1

2

(
(1 + ψ)µ1 + (1− ψ)µ2

)
(5.11)

To numerically solve the phase variable ψ and the field variables u and p, we used the
open-source framework DUNE⁹⁵,⁹⁶. The 4D simulation contains 75 time points or
frames in total, and the time difference between two adjacent frames is 0.075 μs. At
each time point, the simulated 3D object contains 128×128×128 voxels with a voxel
size of 4 μm, corresponding to a size of 0.5 mm3. Such settings match the targeted
field of view (∼ 1mm2), acquisition rate (beyond kHz), and spatial resolution (sub-10
μm) of state-of-the-art XMPI experiments. The 3D objects at different time points
illustrating different stages of the droplet collision process are shown in the first row
of Figure 5.8.

Figure 5.8: Examples of simulated 3D objects and projection images at eight different time points. The first row
shows the simulated 3D object. The second and the third rows show the simulated 2D projection
images at φ1 = 0◦ and φ2 = 23.8◦, respectively. Figure from Paper IV.

Second, we simulated the XMPI acquisition. Based on the 4D simulation, projection
images with a pixel size of 4 μm were generated using the projection approximation.
We mimicked the challenging conditions of existing MHz XMPI experiments⁵⁵ with
only two projections (23.8◦ apart) per time point, as shown in the last two rows
of Figure 5.8. To analyze the capabilities of both 4D-ONIX and 4D-PIONIX, we
established three datasets with different sparsity in terms of time points based on the
same XMPI experiment. Dataset 1 (75-frame dataset) contains projection images for
all 75 time points, corresponding to a frame rate of 13.3 MHz; Dataset 2 (15-frame
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dataset) is a subset of the first dataset where we took the first dataset at a stride of 5 time
points, corresponding to a frame rate of 2.7MHz; Dataset 3 (16-exp dataset) contains
the largest number of projections by reproducing 16 similar XMPI experiments with
unknown relative angles among these experiments.

Quantitative Metrics for 4D Reconstruction

To evaluate the quality of the 4D reconstruction, we used three quantitative metrics
comparing the reconstruction and the ground truth provided by the 4D simulation
for all 75 time points: MSE, data structural similarity index measure (DSSIM)⁹⁷,
and the estimated resolution based on FSC with the half-bit threshold criterion⁴¹.
The MSE and DSSIM indicate the accuracy of the 4D reconstruction; while the FSC
indicates the 3D resolution of the reconstruction at each time point. For all three
quantitative metrics, lower values indicate better reconstruction quality.

Comparison of 4D Reconstruction Results

Here, we present the 4D reconstruction results provided by 4D-ONIX and 4D-PIONIX,
respectively, to get a better understanding of their “comfort zones”. Specifically, in
this droplet collision case, to implement 4D-PIONIX, the PDE-loss in Figure 5.6 is
built on Equations. 5.9 and 5.10:

LPDE =
∥∥∥ρ(ψ)(∂tu+ u · ∇u

)
− µ(ψ)

Re
∇ · ∇u+∇p+ η∇ψ

We

∥∥∥2
2
+ ∥∇ · u∥22

(5.12)

First, we compare the performance of 4D-ONIX on Datasets 1 (containing 1 experi-
ment and 75 frames) and 3 (containing 16 experiment and 1200 frames), respectively.
The reconstructed objects at several time points are shown in the rows (4) and (5) of
Figure 5.9(a), respectively, which clearly shows that using Datasets 3 with multiple
similar XMPI experiments leads to a significantly better 4D reconstruction. The
reason lies in the adversarial learning that is included in the 4D-ONIX workflow
(Figure 5.5(a)). By combining similar experiments into the dataset, more projection
images are available to the discriminator, which in turn helps the 4D generator learn
from different experiments. This result also indicates a potential path to addressing
the challenge posed by sparse projections in XMPI by aggregating similar experiments
to enable the AI-based reconstruction algorithm to learn the pattern across them.
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Figure 5.9: Reconstruction results. (a) Ground truths (1) and reconstructions using 4D-PIONIX, 15-frame dataset
(2); 4D-PIONIX, 75-frame dataset (3); 4D-ONIX, 1-experiment dataset (4); 4D-ONIX, 16-experiment
dataset (5) at eight time points. At the time points marked in red, projection images are unavailable
in the 15-frame dataset, while projection images are available for all four datasets at the time
points marked in black. (b)-(d) Comparison of the distribution as a function of time of 3D MSE (b),
3D DSSIM (c), and 3D resolution estimated by FSC analysis (d) under all four reconstruction settings.
Figure from Paper IV.
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Second, we compare the performance of 4D-PIONIX on Datasets 1 (containing 1
experiment and 75 frames) and 2 (containing 1 experiment and 15 frames), respec-
tively. The reconstructed 3D objects using Datasets 2 and 1 are shown in rows (2) and
(3) of Figure 5.9(a), respectively, where two datasets lead to similar reconstruction
quality comparable to the 4D-ONIX reconstruction using Dataset 3, the dataset
containing much more information for reconstruction. It is also important to note
that projection images at time points marked in red in Figure 5.9 are not available
in Dataset 2, but 4D-PIONIX is still able to provide reliable reconstruction at these
time points. Furthermore, in order to compare the distributions of the 3D metrics
(3D-MSE, 3D-DSSIM, and 3D resolution) with time, Figures 5.9(b)-(d) are given.
It shows that, except for the case of using 4D-ONIX on single-experiment data, all
three reconstruction conditions yield high-quality 4D reconstructions across space
and time. In other words, 4D-PIONIX provides high-quality 4D reconstruction
comparable to 4D-ONIX, even when 80 times (1200 vs. 15) more projection images
are available for the latter, showing the power of including the physical model of the
studied dynamics into the reconstruction workflow via the PDE-based loss.

In summary, both 4D-ONIX and 4D-PIONIX can provide reliable 4D reconstruc-
tion despite the challenges posed by limited views in XMPI. From the application
perspective, 4D-PIONIX is preferable when the full physical model of the studied
dynamics is available, or at least partially available. In particular, compared to 4D-
ONIX, 4D-PIONIX enables reconstructing non-reproducible 4D dynamics, where
repeated experiments are not feasible. Conversely, when the governing physics of the
dynamics is unavailable but the studied dynamics are fully or partially reproducible,
4D-ONIX can provide a robust 4D reconstruction solution due to its ability to learn
across multiple experiments. It is worth noting that both 4D-PIONIX and 4D-ONIX
may experience relatively long training times. For 4D-PIONIX, the calculation of
the PDE loss, which usually requires automatic differentiation of higher-order (≥ 2)
derivatives, can be computationally demanding. For 4D-ONIX, the training time
generally scales with the size of available datasets. Such limitations motivate the
development of X-Hexplane, as will be presented in the following application.

5.3.2 Flows in Porous Media

In this subsection, we extend the proposed 4D reconstruction framework to the study
of flows through porous media and use this application to validate X-Hexplane, the
most computationally efficient workflow among the presented 4D reconstruction
methods. The validation is performed using data acquired in a real XMPI experiment
conducted at the ForMAX beamline of MAX IV, thereby demonstrating the appli-
cability of the proposed approach under realistic experimental conditions. There are
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two main highlights to be noted. First, from the experimental perspective, inspired by
rotation-based tomoscopy, we applied a slow and continuous rotation to the sample
stage, which does not perturb the intrinsic pore-filling dynamics of interest. Although
we claim that XMPI is a rotation-free technique, this adaptation demonstrates that
richer spatial information can be acquired to boost the performance of the 4D re-
construction from a single experiment. Second, beyond showing the reconstructed
3D movie, we also demonstrate a subsequent quantitative analysis of the pore-filling
dynamics enabled by the 4D reconstruction, showing the potential of achieving sci-
entific insights through an integrated workflow of XMPI experiment and its tailored
4D reconstruction and analysis.

XMPI Experiment

Figure 5.10 illustrates the schematic of the experimental setup for the study of flows
penetrating through porous media. Two beamlets were established, covering an an-
gular range of 47.7°. Two X-ray detectors worked at an effective pixel size of 1.3 μm
and an acquisition rate of 50 Hz. The sample is the additive-manufactured porous
network, as shown on the right-hand side of Figure 5.10. A polished PMMA cylinder is
used as an X-ray transparent sample holder. The flow was driven by a syringe pump to
create a constant flow of deionized water. To enrich the spatial information acquired
by the XMPI setup without altering the studied dynamics, we placed the sample on a
rotational stage whose rotational axis was aligned with the intersection point of two
beamlets and allowed the sample to rotate slowly and continuously during the image
acquisition.

Beamlet  1

Beamlet 2

Liquid Supply

Tomographic
Rotation Stage

PMMA Holder

Sample Detail

Kapton Tube

Kapton Tube

Sample

Figure 5.10: Schematic of the XMPI experiment for studying flows in porous media. Figure adapted from Paper
VII.

Using the experimental setup depicted in Figure 5.10, we acquired movies from both
cameras simultaneously, with the sample stage rotating at a constant speed of 12°/s.
The entire movie can be categorized into two stages. During stage 1, no flow enters,
and only rotation of the sample can be observed. During stage 2, the flow enters so
that both the investigated dynamic behavior and the rotation can be clearly observed.
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Figure 5.11: Flat-filed corrected images at several time points acquired by the XMPI setup. The first two time
points (marked in black) lie in stage 1 before the flow arrives, while the last three time points
(marked in red) lie in stage 2 after the flow arrives. The original time of the experiment is used
to show stages 1 and 2. Figure from Paper VII.

Although the main scope of this experiment is to study the dynamic behavior during
stage 2, images at stage 1 still play a crucial role, as they help ensure the self-consistency
of the images collected from different cameras in the pre-processing step as discussed
in more details in Paper VII, and can significantly boost the performance of the 4D
reconstruction. Examples of flat-field corrected³⁹ images from both cameras at some
typical time points are shown in Figure 5.11, where the time points marked in black
are within stage 1, while the time points marked in red are within stage 2.

4D Reconstruction and Analysis

We use the X-Hexplane workflow described in Section 5.2.3 to reconstruct the pore
filling dynamics for the first layer of the porous network in 4D. It is important to
note that our reconstruction yields a 3D movie at a frame rate of 50 Hz, matching
the acquisition rate of the X-ray detector but independent of the rotational speed
of the sample stage. The reconstructed volumes at several time points are shown
in Figure 5.12(a). The 4D reconstruction reveals that the imbibition process of the
first layer starts with pores 6, 7, and 5, which are completely filled at t = 0.84 s,
and ends with pore 1 at t = 1.72 s. The filling order of all 9 pores in the layer is:
6 → 7 → 5 → 8 → 4 → 9 → 2 → 3 → 1, as shown in Figure 5.12(b).
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Figure 5.12: 4D reconstruction and analysis of the pore-filling process for the first layer of the porous network.
(a) 4D reconstruction of eight time points; (b) Normalized pore filling order for all 9 pores in the
layer. Colors indicate the relative start time normalized to total layer filling; (c) The volume filling
ratio of all 9 pores with respect to time. Figure adapted from Paper VII.

Based on the 4D reconstruction, we can further analyze the flow instabilities during
imbibition of porous networks by examining the volume filling ratio of each individ-
ual pore as a function of time, as shown in Figure 5.12(c). We can clearly see the instant
filling behavior in pores 1, 2, 3, 4, and 9, which occurs within only 1 − 2 frames at
a 50 Hz acquisition rate. This suggests that these events may approach the intrinsic
Haines jump timescales in the millisecond range.

To sum up, we demonstrate the XMPI experiment (with a slow rotation) for studying
liquid penetrating through a porous network and subsequent 4D reconstruction and
analysis enabled by X-Hexplane. From the experimental perspective, the adaptation of
applying a slow rotation enriches the spatial information accessible to the setup. This
strategy provides a practical extension to XMPI and can be applied to similar dynamic
systems where the slow rotation does not interfere with the underlying physical pro-
cesses. In the long term, XMPI offers a unique platform for studying fluid dynamics
in 4D, helping bridge the gap between experiments and numerical simulations, where
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simulations are often more accessible but require experimental validation. From the
software perspective, as the most computation-friendly 4D reconstruction workflow
presented in this chapter, X-Hexplane only required approximately 20 minutes of
training. Such an efficiency opens up new possibilities of getting timely feedback by
implementing online 4D reconstruction right after the XMPI experiment.
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Chapter 6

Conclusion and Outlook

6.1 Conclusion

In this thesis, we have presented new pathways toward 4D X-ray imaging by advanc-
ing XMPI and developing complementary 4D analysis and reconstruction methods.
Motivated by the fundamental limitations of time-resolved tomography approaches
that require fast rotation, XMPI is introduced as a viable alternative for acquiring
time-resolved volumetric information. Taking advantage of the high-brilliance X-rays
provided in synchrotron radiation facilities, a practical XMPI implementation was
realized at the ForMAX beamline at MAX IV, where multiple X-ray beamlets can
illuminate the sample simultaneously from different angles, providing micrometer
spatial resolution at an acquisition rate of over 10 kHz.

This thesis addressed the central challenge posed by the intrinsic sparsity of angular
information in XMPI using two main strategies. First, a triangulation-based 4D
analysis framework was established for particle-resolved flow measurements, without
requiring full-field 4D reconstruction. By implementing 3D PTV enabled by XMPI,
we performed quantitative 4D tracking of microscale tracer particles in opaque flows.
The resulting spatial and velocity uncertainties were analyzed and experimentally vali-
dated, demonstrating that XMPI can provide statistically reliable flow characterization
despite its limited number of projections. This approach demonstrates that XMPI can
work as a powerful tool for flow analysis in optically opaque systems.

Second, this thesis presented a family of AI-assisted, physics-aware reconstruction
frameworks to tackle the more ambitious goal of full-field 4D reconstruction from
limited spatiotemporal data. By integrating NIR with forward X-ray image formation
models, the proposed methods, 4D-ONIX, 4D-PIONIX, and X-Hexplane, enable

67



end-to-end reconstruction of 4D dynamics directly from multi-view 2D image se-
quences. Through representative fluid dynamics examples (binary droplet collisions
and flows in porous media), these methods were validated to recover both spatial
structures and rapid temporal evolution under conditions far beyond the reach of con-
ventional reconstruction techniques (the Crowther Criterion stated in Section 2.2.2).

6.2 Outlook

XMPI is still a developing technique, and its full potential has yet to be explored. In
the near future, several promising directions for further development can be identified,
spanning XMPI experimental setups, data analysis and reconstructionmethodologies,
and scientific applications.

From the perspective of the XMPI setup, as already stated in Section 3.3, further
optimization of crystal-based beam-splitting strategies may allow an increased angular
coverage or a larger number of projections without compromising image quality.
Moreover, the development of the synchrotron light sources themselves should not
be neglected. Major upgrades of existing DLSRs, such as MAX 4U ⁹⁸, are expected
to deliver further enhanced coherent flux, pushing the spatiotemporal resolution of
XMPI to the micrometer scale at above 100 kHz or even MHz in the near future.
Beyond the imaging regime presented in this thesis, the concept of XMPI might be
extended to far-field imaging⁹⁹,¹⁰⁰, enabling the spatial resolution to be switched from
the micrometer scale to the nanometer scale.

From the perspective of 4D reconstruction and analysis, several exciting directions can
be explored. The ultimate goal of full-field 4D reconstruction is not merely to recover
spatiotemporal structures, but also to help us understand the underlying physics, and
potentially to reveal newmechanisms behind the dynamics. Inspired by 4D-PIONIX,
a promising direction is to extend the use of PINN to extract unknown physical
parameters of a system¹⁰¹ fromXMPImeasurements. In parallel, incorporating recent
advances in AI may further improve the performance of 4D reconstruction in the field
of X-ray imaging. Promising examples include using 4D Gaussian splatting¹⁰² as an
alternative to NIR and using more advanced generation models, such as diffusion
models¹⁰³, as alternatives to GAN-based methods, as presented in Section 5.2. These
developments may offer increased expressive power and improved robustness in 4D
reconstruction under ultra-sparse scenarios with XMPI. Moreover, from an engi-
neering perspective, another important direction concerns online or near-real-time
4D analysis. Inspired by X-Hexplane discussed in Section 5.2.3, with the increasing
efficiency of low-rank and factorized representations, as well as advances in compu-
tational hardware, it becomes possible to provide feedback via rapid preliminary 4D
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reconstruction during XMPI experiments, enabling adaptive experiment control and
early assessment of data quality, which can result in much more efficient use of limited
beamtime at large-scale facilities¹⁰⁴.

From the perspective of applications, although this thesis primarily showcases exam-
ples on fluid dynamics, the applicability of XMPI extends far beyond this domain.
In essence, any system characterized by rapid 3D dynamics and limited tolerance to
mechanical rotationmay benefit fromXMPI. Potential applications include operando
studies of functional materials²¹, mechanical fracture of fiber materials¹⁰⁵,¹⁰⁶, as well
as transient phenomena in additive manufacturing²⁰,¹⁰⁷. By providing rotation-free
access to volumetric dynamics at high temporal resolution, XMPI has the potential
to bridge the gaps between experiments, theory, and simulation across a wide range
of scientific and engineering disciplines.

To conclude, this thesis demonstrates that XMPI, together with its tailored 4D analy-
sis pipelines and AI-assisted reconstruction frameworks, constitutes an enabling tool
at an unprecedented spatiotemporal resolution (sub-10 μm, over 10 kHz) for the fluid
dynamics community¹⁰⁸. Rather than replacing traditional time-resolved tomogra-
phymethods at large-scale X-ray facilities, XMPI complements them by extending 4D
imaging into regimes where fast rotation based approaches fail, thereby substantially
broadening the range of dynamic phenomena that can be quantitatively investigated
using X-rays.
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