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A B ST R A C T

The thesis focuses on the development and application of advanced X-ray

imaging techniques, specifically modulation-based dark-field imaging and

X-ray scattering tensor tomography. Most of the measurements presented

in this thesis have been performed at synchrotron facilities, including the

ID19 beamline at the European Synchrotron Radiation Facility (ESRF), the

SYRMEP beamline at Elettra Sincrotrone Trieste, and the TOMCAT beamline

at the Swiss Light Source (SLS). In addition, some datasets have been acquired

in the newly-established OPTimal IMAging and TOmography (OPTIMATO)

laboratory at Elettra Sincrotrone Trieste.

Modulation-based imaging (MBI) exploits heterogeneous illumination pat-

terns to encode locally the X-ray interaction with a sample. While a uni-

form illumination can normally reveal only the attenuating properties of the

sample, a non-uniform X-ray illumination is also altered by refraction and

ultra-small-angle scattering effects. MBI is commonly implemented using a

periodic grating array (grating-based imaging or GBI) or a random diffuser

(speckle-based imaging or SBI). MBI enables simultaneous access to absorp-

tion, phase contrast, and small-angle scattering (or dark-field) signals from a

single dataset, offering a multi-modal view of a sample’s internal structure.

Combining high signal sensitivity with a simple experimental implementa-

tion, SBI is particularly suitable for biological soft tissues, where small density

differences in the specimen are highlighted thanks to the differential-phase

signal, enabling a higher contrast compared to absorption imaging without

the need for a contrast agent. A multimodal study on ovarian and hepatic

tissues is carried out in this thesis, providing insights into microstructural

changes during follicular maturation of the ovaries and exploring hepatic

tissue to reveal lipid aggregate distribution in the liver. The combination of

phase contrast and transmission signals offered a detailed, non-destructive

analysis of bovine ovaries and human liver samples.

Samples with strongly oriented microstructural features often exhibit an

anisotropic X-ray scattering profile. In these cases, the directionality of the

scattering can also be extracted to reveal information about their orientation,

e.g., of fibres in a composite material. In this thesis, we demonstrate the

capability of speckle-based dark-field imaging to detect barely visible impact

damage in carbon fibre reinforced polymers. This approach offers a valuable

tool for non-destructive testing of composite structures.

By collecting two-dimensional projection images with small-angle scattering

signals at various orientations of the sample, two-dimensional directional

scattering signals can be combined to reconstruct tomographically the local

scattering tensor of the sample using X-ray tensor tomography (XTT). XTT
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provides information on the sub-structures’ orientations in a macroscopic sam-

ple, even when their dimensions are smaller than the image pixel resolution,

enabling the exploration of microstructural organisation in a macroscopic

volume. A universal reconstruction method for XTT is presented in this

thesis, which is compatible with different wavefront modulation techniques.

In addition, we present a robust method for the extraction of the directional

dark-field signal from data acquired with random diffusers. We demonstrate

this approach on experimental measurements to obtain the first reconstruction

of speckle-based tensor tomography. To optimise experimental parameters

and predict the scattering behaviour, we developed a numerical wave-optics

simulation model for SBI. We validate its effectiveness simulating a SBI

measurement and an X-ray tensor tomography experiment.

The work presented in this thesis aims to establish X-ray scattering tensor to-

mography with a random modulator, making it more accessible for a broader

range of applications, from industrial non-destructive testing to advanced

biomedical diagnostics, and cultural heritage. We show several application

cases, ranging from aerospace-type carbon-epoxy materials, to human middle

ear ossicles, to fossil human remains. These various applications demonstrate

the versatility and power of the imaging techniques developed in this work,

with significant potential to impact different fields of ongoing research.

Finally, this thesis paves the way for method validation in a laboratory

setting. During this PhD project, a significant contribution was made to

the development of the OPTIMATO laboratory. The thesis presents the

optimisation of acquisition settings and the first successful implementation

of the proposed dark-field signal extraction method within the laboratory

environment.



1 I N T R O D U C T I O N

1.1 motivation

X-ray imaging has recently become an indispensable tool for applications

ranging from industrial quality control and biomedical diagnostics to cultural

heritage preservation. However, conventional imaging techniques, such

as micro-CT, face a trade-off between spatial resolution and the imaged

field of view. As a result, micron-sized structures cannot be visualised if

the field of view is on the order of centimetres. This limitation hinders

fully characterising complex materials, such as biological tissues, industrial

composites and archaeological remains, where microstructural information is

critical for functional and structural assessment.

To tackle this problem, this PhD project aims to contribute to full-field small-

angle X-ray scattering using modulation-based imaging. The main goal is

to introduce novel formalisms and computational methods that enable the

extraction and reconstruction of directional information in both 2D and 3D.

By integrating theoretical developments, numerical simulations, and experi-

mental validations, this research enables the non-destructive characterisation

of oriented microstructures.

The motivation for this research comes from the need to:

1. Enhance the detection of defects and damage in industrial materials,

particularly carbon fibre-reinforced polymers (CFRPs), which are critical

for sustainable and lightweight engineering applications.

2. Characterise microstructural changes in biological tissues, enabling

advancements in diagnostic techniques for soft tissue analysis.

3. Improve the analysis of archaeological and cultural heritage samples,

such as fossilised materials, by extracting directional features like tubule

orientations that provide valuable insights into their structure and

history.

In addition, this research addresses practical challenges in laboratory-based

X-ray systems, developing and testing a new X-ray imaging device based

on a high-brilliance liquid-metal-jet source. This system paves the way for a

broader use of new X-ray imaging methods in both scientific and industrial

settings.

The outcomes of this work will enable a new class of imaging tools to

visualise microstructural orientations in 3D. This has the potential to impact

7
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various fields, including non-destructive testing, biomedical imaging, and

archaeological research, driving innovation in material characterisation.

1.2 research outcomes

The focus of this PhD project is to introduce a new formalism for small-

angle scattering in modulation-based imaging. Starting from theoretical and

numerical developments, a new scattering-aware X-ray imaging formalism

has been developed, validated and applied to study objects smaller than the

resolving power of the imaging apparatus.

Moreover, a versatile reconstruction method for X-ray full-field tensor tomog-

raphy has been implemented and validated, exploiting small-angle X-ray

scattering, reconstructing tomograms of oriented microstructures acquired

at the synchrotron. In addition, a robust method has been developed for

the extraction of the directional dark-field signal from data acquired with

random diffusers. Using this novel approach, it was possible to obtain the

first reconstruction of X-ray speckle-based tensor tomography.

A numerical wave-optics simulation model for speckle-based imaging was

developed to design new experiments and to better understand the small-

angle scattering contribution in the imaging context.

Finally, a new X-ray imaging device based on a high-brilliance liquid-metal-jet

source has been developed and tested. To effectively apply dark-field extrac-

tion methods, a large field-of-view high-energy photon-counting detector

and a 6-axis robotic arm have been added to the laboratory. Industrial and

biomedical samples have been analysed in the laboratory in order to assess

the capabilities of the system.

The outcomes of this PhD project will have a major impact on the X-ray imag-

ing users, both at the synchrotron and in the laboratory. Multiple applications

stemming from the outcomes of this project are envisioned and presented,

ranging from industrial non-destructive testing to advanced biomedical di-

agnostics, and cultural heritage. For instance, dark-field imaging and tensor

tomography will provide new tools to detect defects in the manufacturing

process of carbon reinforced polymers. Since composites are a critical part

of future lightweighting strategies, the impact translates to green and sus-

tainable engineering. The methods used in this project are also based on

the extraction of phase-contrast signal, therefore employing refraction as

a contrast mechanism to detect small density differences in unstained soft

tissues. Also archaeology can benefit from a deeper understanding of the

small-angle scattering mechanism, leading to a robust imaging technique

capable of extracting the orientations of dentinal tubules.
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1.3 thesis outline

" Chapter 2 introduces the background theory of X-ray physics, such

as the Kramers-Kronig relations, and the small-angle scattering. In

addition, the principal X-ray sources used in this project are presented:

synchrotron sources and X-ray liquid-metal-jet sources.

" Chapter 3 introduces the basics and the principles of two X-ray imaging

methods that rely on phase-sensitive mechanisms: propagation-based

imaging and modulation-based imaging, either with circular diffrac-

tive optics or with random diffusers. The Unified Modulated Pattern

Analysis (UMPA) algorithm is also presented in details, along with a

synthetic review of speckle-based directional dark-field imaging.

" Chapter 4 introduces the principles of scalar computed tomography,

starting from the Radon transform and filtered back-projection to itera-

tive methods and quantitative interpretation of the tomograms. In this

chapter, X-ray tensor tomography is also introduced.

" Chapter 5 presents the results of a dark-field radiography analysis

to detect barely visible impact damage on CFRP materials, with both

matrix-cracking and delamination damages.

" Chapter 6 shows a multimodal X-ray tomography study of two biologi-

cal tissues, ovarian tissue and hepatic tissue, using modulation-based

imaging and propagation-based imaging.

" Chapter 7 presents a fast and versatile omnidirectional dark-field ex-

traction method, along with a novel reconstruction method for X-ray

scattering tensor tomography. The software architecture of both algo-

rithms is also presented, as long as unit tests, simulation results and

experimental validations.

" Chapter 8 presents a robust method for the extraction of the directional

dark-field signal tailored for data acquired with random diffusers. The

model, the software architecture, and the experimental validation are

presented. The first reconstruction of speckle-based tensor tomography

is also shown in this chapter.

" Chapter 9 presents a numerical wave-optics simulation model for

speckle-based imaging. The physical model of the simulation, the

software architecture and some examples of applications are presented.

The effectiveness of the simulation is validated with three examples: an

SBI measurement of a carbon fibre cross and an X-ray tensor tomogra-

phy experiment on a cube containing three fibre bundles along three

different orientations.

" Chapter 10 presents three main applications of the X-ray tensor to-

mography model described in this thesis: an industrial application on

carbon-fibre composites, a medical application on human middle ear
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ossicles, and a cultural heritage application on a fossil tooth and a fossil

femur.

" Chapter 11 presents a description of the newly-established OPTIMATO

laboratory, the study for the optimisation of the acquisition settings, and

some speckle-based imaging reconstructions with UMPA. In addition,

the first results in the laboratory of the proposed omnidirectional dark-

field signal extraction method are presented.

" Chapter 12 concludes this thesis work and provides an outlook for

possible future developments.



2 F U N DA M E N TA L S O F X- R AY I M A G I N G

In this chapter, we introduce the basics and principles of X-ray physics, and

the principal X-ray sources used in the rest of the thesis.

2.1 interaction of x-rays and matter

2.1.1 Kramers-Kronig relations

To describe the energy-dependent interaction between X-rays and matter,

resonant scattering has to be introduced. In quantum mechanics, resonant

scattering happens when an incoming photon excites an electron from a lower

energy level to a higher one. The electron subsequently returns to its original

state, releasing a photon with the same energy as the incoming photon. This

behaviour can be represented by a driven harmonic oscillator model.

The scattering amplitude of the atom can be written as follows:

f (Q, h̄ω) = f 0(Q) + f 2(h̄ω) + i f 22(h̄ω). (2.1)

where f 0(Q) is the atomic form factor, and f 2 and f 22 are known as the

dispersion corrections. They are functions of the X-ray energy h̄ω, since their

behaviour is dominated by tightly bound inner-shell electrons [Nielsen2011].

In Eq. 2.1 Q is the wave-vector transfer Q = k 2 k2 from the incident to the

scattered wave.

The real ( f 2) and the imaginary ( f 22) parts of the dispersion corrections are

related through the Kramers-Kronig relations. It can be demonstrated, based

on Cauchy’s theorem [Nielsen2011], that f 2 and f 22 are related by the principal

integral P :

iπ
(

f 2s(ω) + i f 22s (ω)
)

= P
∫ ∞

2∞

f 2s(ω
2) + i f 22s (ω

2)

ω2 2 ω
dω2. (2.2)

Eq. 2.2 leads to the Kramers-Kronig relations for a single oscillator:

f 2(ω) =
1

π
P
∫ ∞

2∞

f 22(ω2)

ω2 2 ω
dω2 (2.3)

f 22(ω) = 2
1

π
P
∫ ∞

2∞

f 2(ω2)

ω2 2 ω
dω2 (2.4)

As a result, if the energy dependence of f 22 is known, then f 2 can be calculated.

11
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2.1.2 Complex index of refraction

In the case of elastic scattering (Q = 0), Eq. 2.1 becomes

n = 1 2 δ + iβ = 1 2
r0

2π
λ2 ∑

i

ρi
a fi(Q = 0), (2.5)

where δ and β are the real and imaginary parts of the refractive index n,

respectively. We can therefore express δ and β of a given i-th element as

δ =
r0

2π
λ2 ∑

i

ρi
a

(

fi(0, ω) + f 2(ω)
)

(2.6)

β =
r0

2π
λ2 ∑

i

ρi
a f 22(ω) (2.7)

where r0 is the Thomson scattering length, ρi
a is the atomic density of the i-th

element, and fi(0, ω) is the scattering factor.

A transmitted beam through a material of thickness s, can be expressed using

the index of refraction:

I(s, ω) = I0 exp

{

iω

c

∫

[1 2 δ + iβ] ds

}

(2.8)

The phase of the transmitted wave is affected by the real part of the scattering

factor (12 δ), whereas the imaginary part of the scattering factor (β) is related

to the absorption term.

We can rewrite β in Eq. 2.7 in terms of the attenuation coefficient µ, which

depends on the atomic number:

β =
λµ

4π
. (2.9)

In addition, we can rewrite δ in Eq. 2.6 in terms of atomic density ρa =

f0(0) and atomic scattering length r0, neglecting the dispersion corrections

[Nielsen2011]:

δ =
2πρa f0(0)r0

k2
. (2.10)

Therefore, the phase shift ∆Φ that the X-rays that encounter when travelling

through matter with respect to vacuum can be easily calculated, as function

of the X-ray wavelength λ, the thickness s of the material and δ.

∆Φ =
2πδs

λ
. (2.11)
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An object with varying thickness or δ causes a deviation in an initially planar

wavefront. This curvature in the wavefront results in the refraction of the

X-ray beam (phase shift ∆Φ). The angular deviation α can be calculated in

the plane perpendicular to the direction of propagation of the incident beam

[Nielsen2011; Paganin2006]:

αx =
λ

2π

∂φ(x, y)

∂x
and αy =

λ

2π

∂φ(x, y)

∂y
(2.12)

2.1.3 Small-angle X-ray scattering

When describing scattering from matter, it is necessary to account for a

vast number of electrons and their scattered waves. However, since we are

interested in the small-angle scattering, the scattering angles 2θ << 1ç, and

many simplifications can be made. For the description of the small-angle

scattering, we refer to [Nielsen2011].

The limit of the wave-vector transfer Q ³ 0 corresponds to large distances

in real space, and since Q ∝ sin(θ), this occurs at small scattering angles

near the forward direction. The small-angle X-ray scattering (SAXS) region

gives information on the size and morphology of large-scale structures,

such as polymers, rather than precise positional details of individual atoms.

Therefore, for small wave-vector transfers, that is to say for small scattering

angles, the intensity of the scattering signal can be written as:

ISAXS(Q) = f 2 ∑
n

∫

V
ρaeiQ·(rn2rm)dVm = f 2 ∑

n

eiQ·rn

∫

V
ρae2iQ·rm dVm, (2.13)

where f is the atomic or molecular form factor, ρa is the average of the

electron density, and dVm is a volume element located at a position rm 2 rn

with respect to the reference atom at rn.

The sum over the reference atoms can be replaced by an integral:

ISAXS(Q) = f 2
∫

V
ρaeiQ·rn dVn

∫

V
ρae2iQ·rm dVm. (2.14)

For sufficient averaging, as typically occurs in small-angle scattering, Eq. 2.14

becomes:

ISAXS(Q) =

∣

∣

∣

∣

∫

V
ρse

iQ·rdV

∣

∣

∣

∣

2

, (2.15)

where ρs = f ρa which, when multiplied by the Thomson scattering length r0,

gives the scattering length density. From Eq. 2.15 it is possible to see how the

intensity distribution observed in the far-field is similar to the square of the

Fourier transform of the electron density distribution within an object.
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2.2 x-ray sources

2.2.1 Synchrotron sources

Most of the measurements presented in this thesis have been acquired with

synchrotron sources. We can define as synchrotron light the electromag-

netic radiation emitted by relativistic charged particles that are accelerated

along curved trajectories [Paganin2006]. When electron accelerator were first

realised in the 1920s, the synchrotron light was considered a mere inconve-

nience. A century later, fourth-generation synchrotrons are being built all

over the world.

In a synchrotron, relativistic electrons are accelerated in a storage ring, and

emit electromagnetic radiation, ranging from infrared to hard X-rays. To

reach a very high brightness, the electrons are produced in an electron gun,

packed in several bunches, separated by a few ns, and then accelerated and

injected into the booster. In the booster, the electrons are accelerated to the

order of GeV and injected in the storage ring every time there is a refill. The

storage ring (Fig. 2.1) is a tube, maintained at 1029 mbar, where the electrons

circle at relativistic speed for hours. In each curved section of the storage

ring, two bending magnets force the path of the electrons and in each linear

section, focusing magnets maintain the electron in the orbital path.

The radiation is emitted in correspondence to bending magnets or insertion

devices. Bending magnets (Fig. 2.2) generate a constant magnetic field.

When electrons pass through a bending magnet at relativistic speed, they

emit radiation tangentially to the trajectory of the electron beam and with

a continuous spectrum. An undulator, or insertion device, (Fig. 2.3) is an

array of magnets with alternating poles. The electrons passing thorough

an undulator are forced to follow a wavy trajectory, generating a focused,

brilliant beam of radiation. The gap between the magnets of the undulator can

be adjusted to change the spectrum of the emitted radiation. Both undulators

and bending magnets have been used to acquire the data presented in this

thesis.
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Figure 2.1: Outline of a curved section of the storage ring, showing a bending
magnet (BM) and insertion devices (ID). Reprinted from [ESRF].

Figure 2.2: Outline of a bending magnet. Reprinted from [ESRF].

Figure 2.3: Outline of an insertion device or undulator. Reprinted from [ESRF].
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2.2.2 X-ray liquid-metal-jet sources

Part of this PhD project consisted in developing the OPTIMATO (OPTimal

IMAging and TOmography) laboratory, a new laboratory hosted at Elettra,

and test our techniques. For a detailed description of the laboratory, the

reader is referred to chapter 11.

To obtain X-ray in a laboratory, an X-ray tube source is needed. In an X-ray

tube source, electrons, generated in the cathode, are accelerated towards

the anode by a high voltage bias. The electron beam, interacting with the

anode material, emits a continuous bremsstrahlung spectrum. The maxi-

mum energy of the photons corresponds to the maximum electron energy,

and characteristics lines are emitted due to X-ray fluorescence of the anode

material.

By increasing the electron current, the X-ray brightness increases. The achiev-

able X-ray brightness reaches its limit when the electron current melts the

anode locally. With a liquid-metal-jet source, like the one in the OPTIMATO

laboratory, the liquid anode is continuously regenerated (Figs. 2.4, 2.5). In

this way, very high electron beam power densities can be handled. Achieving

significantly higher brightness and smaller spot sizes than other commercial

X-ray sources, a liquid-metal-jet source can generate very brilliant and small

beams. Therefore, a liquid-metal-jet source is the closest possible solution to

a synchrotron performance in the laboratory, enabling a major increase of the

image acquisition speed with maintained resolution [Excillum]. Alloys like

gallium and indium are used for different X-ray emission properties.

In the OPTIMATO laboratory, X-rays are generated by a microfocal, high-

brilliance liquid-metal-jet source (MetalJet D2+, Excillum, Sweden), having

a maximum voltage of 160 kV, a power of 250 W, and adjustable focal spot

sizes (g 15 µm).
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Figure 2.4: An outline of the Excillum liquid-metal-jet source. Reprinted from
[Excillum].

Figure 2.5: An outline of a section of the Excillum liquid-metal-jet source. In the
inset, the generation of X-rays (green) from the electron beam (blue) is
visible. Reprinted from [Excillum].



3 I M A G I N G M E T H O D S

This chapter introduces two X-ray imaging methods that rely on phase-

sensitive mechanisms: propagation-based imaging (PBI) and modulation-

based imaging (MBI), either with circular diffractive optics or with random

diffusers. These techniques allow for the retrieval of complementary im-

age signals, such as absorption, phase contrast, and dark field, enabling

comprehensive visualization of complex structures in a sample.

3.1 propagation-based phase-contrast imaging

Propagation-based imaging (PBI) is probably the most used phase-sensitive

technique. It exploits free-space propagation to convert phase variations

over a plane into intensity variations in a registered image without using

any optical element (Fig. 3.1) [Paganin2002; Paganin2006]. A PBI setup

consists of a source and a detector, given high spatial coherence and enough

propagation distance from the sample and the detector. PBI relies on the

spatial coherence of the source, otherwise the phase contrast is destroyed,

but it is rather insensitive to polychromaticity in the source.

The intensity of the propagation-base phase contrast image, recorded over

the plane z = ∆ depends on the phase and the intensity variations at z = 0

[Paganin2006]:

Iω(x, y, z = ∆) =Iω(x, y, z = 0)

2
∆

k
'§ · [Iω(x, y, z = 0)'§φω(x, y, z = 0)] .

(3.1)

In Eq. 3.1, k is the radiation angular wave-vector, ω is the angular frequency

of the radiation, z is the propagation distance, φω(x, y, z = 0) is the phase of

the radiation, and x and y are the Cartesian coordinates over planes parallel

to the optic axis. Eq. 3.1 is a form of the transport-of-intensity equation

[Teague1983].

If the transverse intensity gradient and the transverse phase gradient are not

too strong, then Eq. 3.1 becomes identical to

I(x, y, z + δz) j I(x, y, z)2
δz

k
'§ · [I(x, y, z)'§φ(x, y, z)] , (3.2)

where δz is the propagation distance, sufficiently small for the evolution of

intensity to be linear in z, and '§ indicates the gradient. The second term

18
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on the right side of this equation represents the local increase or decrease

in intensity, which is due to the local curvature of the phase in a plane at a

constant z [Paganin2006].

The second term of Eq. 3.2 can be written as:

'§ · [I(x, y, z)'§φ(x, y, z)] = I(x, y, z)'2
§φ(x, y, z) +'§ I(x, y, z) · '§φ(x, y, z).

(3.3)

where the first term is the edge enhancement term, and the second term is

the phase gradient term. The phase gradient term can be neglected in the

case of small intensity variations compared to phase variations.

The most common method to perform phase retrieval has been proposed by

Paganin et al. [Paganin1998; Paganin2002] and it is based on the transport-of-

intensity equation. The proposed method assumes a single-material sample

and a constant ratio of the real and imaginary part of the refractive index

(δ/β). In the mentioned algorithm, the following Fourier representation for

the Laplacian and gradient operators are used:

ù

ü

ú

ü

û

'22
§ = 2F21 1

k2
x + k2

y

F

'§ = iF21(kx, ky)F

(3.4)

where kx, ky are the coordinates in Fourier space. Using the Fourier represen-

tations and the single-material approximation, the phase signal of a sample

placed in the near field becomes:

Φ(x, y) =
δ

2β
ln

û

ýF21

ù

ú

û

F {I(x, y)/I0(x, y)}

1 + [λzδ/(4πβ)]
(

k2
x + k2

y

)

ü

ý

þ

þ

ø , (3.5)

where F and F21 indicate the Fourier transform and the inverse Fourier

transform operators, respectively. I(x, y) and I0(x, y) are the intensities

measured by the detector placed at a distance z with and without the sample

in the beam, and λ is the X-ray wavelength.

If the approximations are not met, for instance the sample is not placed

at a near-field distance, or the δ/β ratio is not exactly known, then this

phase-retrieval algorithm still provides excellent qualitative results.
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Figure 3.1: Phase contrast X-ray images of latex spheres of varying size: (a) 9 µm, (b)
9 µm, (c) 5.2 µm; (d) 2.3 µm. Exposure times were 25 min, 10 min, 35 min
and 25 min, respectively. Image reproduced from [Paganin2002].

3.2 modulation-based imaging

Modulation-based imaging (MBI) is a multi-modal X-ray imaging technique

that retrieves absorption, phase, and small-angle scattering (dark-field) signals

in a single shot by analysing modulations in a reference wavefront pattern

[Pfeiffer2008; Wang2015; Kagias2019; Olivo2021]. An X-ray beam modulator,

either periodic or random, is employed to create a non-uniform illumination

on the detector. While uniform X-ray illumination normally reveals the

attenuation properties of a sample, non-uniform illumination can also detect

refraction and ultra-small-angle scattering effects. When a sample is placed

in the modulated X-ray beam, it modifies the pattern through absorption,

refraction, and scattering, allowing the extraction of the three complementary

image signals: absorption, phase, and dark-field signals.

Grating interferometry (GI) and speckle-based imaging (SBI) are the principal

MBI techniques. Grating interferometry uses phase and absorption gratings

to create periodic interference patterns. It is highly sensitive to phase changes.
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Speckle-based imaging, in contrast, uses a random pattern generated by a

diffuser, for instance one or more layers of sandpaper, offering flexibility

in setup and cost-effectiveness. This technique requires smaller detector

pixels due to the fine resolution of speckle patterns but works well with

polychromatic X-ray sources [Morgan2012; Berujon2012].

To assess the performance of a technique for a given setup, the visibility

quantity can be defined as follows [Zdora2018]:

V =
σ

ïIð
=

√

ïI2ð 2 ïIð2

ïIð
, (3.6)

where σ and ïIð are the standard deviation and the mean intensity value of

the reference image of the pattern. The visibility map can be calculated using

a Gaussian filter with a kernel size which is slightly bigger than the marking

structures.

3.2.1 X-ray imaging with circular diffractive optics

Circular diffractive optics (CDO) enables simultaneous omnidirectional sensi-

tivity to small-angle X-ray scattering (SAXS) in a single shot, without the need

for mechanical scanning of the sample or of the optical components. This is

in contrast to traditional grating interferometry (GI), which requires multiple

directional acquisitions to obtain the scattering information [Kagias2016;

Kagias2019].

The basic principle behind CDO is the use of a 2D periodic array of unit

cells, each formed by concentric circular gratings. This arrangement allows

for isotropic sensitivity to scattering angles in the imaging plane, which is

crucial for detecting structures with unknown or variable orientations. The

periodicity of the array defines both the feature sizes that can be imaged and

the sensitivity of the system to small-angle scattering.

The X-rays scattered from the circular grating create a circular pattern that

can be measured at a distance L from the diffractive optics, also known as the

Talbot distance [Kagias2016]. For a grating with period P, the Talbot distance

is defined as:

Lm = m
P2

2λ
, (3.7)

where λ is the wavelength of the X-rays, and m is an integer representing the

Talbot order. At the Talbot distance, a self-image of the grating is formed,

which contains information about the scattering properties of the sample.

The system is sensitive to structural variations in the sample with a character-

istic length scale ξ, known as the autocorrelation length, given by:

ξ =
λL

P
. (3.8)

The autocorrelation length defines the sensitivity of the system to specific

feature sizes in the sample. Therefore, by tuning the parameters of the system,
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it becomes possible to image features smaller than the resolution limit of

the detector by detecting changes in the visibility of the interference fringe,

caused by scattering within the sample.

When X-rays interact with a sample, the microstructures in the material

induce small-angle scattering. This scattering broadens the angular distri-

bution of the X-rays, reducing the visibility of the interference fringe. The

visibility reduction is related to the scattering strength and orientation of the

microstructures. The intensity of the scattered signal can be described as:

I(r, γ) = A(γ)

[

1 + V(γ) cos

(

2πr

P

)]

, (3.9)

where r is the radial distance from the centre of the unit cell, γ is the angular

coordinate, A(γ) is the average intensity, and V(γ) is the visibility of the

fringe pattern [Kagias2019]. A reduction in visibility can indicate the presence

of small-angle scattering, which is related to the anisotropic features of the

material (Fig. 3.2).

To extract the scattering signal, Fourier analysis is applied to the recorded in-

terference pattern, allowing for the reconstruction of the scattering properties

in all directions within the imaging plane. This is a significant improvement

over traditional methods, which only provide directional sensitivity in a few

angles, requiring rotation or scanning [Kagias2016].

The scattering anisotropy can be quantified by fitting the angular distribution

of the visibility reduction to a cosine function:

D(γ) = a0 + a1 cos(γ 2 γmain), (3.10)

where a0 is the isotropic scattering component, a1 represents the anisotropic

contribution, and γmain is the primary direction of the scattering [Kagias2019].

Thanks to its omnidirectional sensitivity, single-shot acquisition and broad

applicability, CDO has demonstrated significant potential in various fields,

including biomedical imaging, materials science, and non-destructive testing.

The ability to capture scattering information from multiple directions in

a single acquisition makes CDO particularly useful for dynamic studies

and real-time imaging applications. For instance, the visualization of the

evolving microstructures of complex materials subject to mechanical stress

[Kagias2021].



3.2 modulation-based imaging 23

Figure 3.2: Fringe formation for a single unit cell. (a) Schematic of a single unit cell
containing two diffractive annuli. (b) The substructures of the annulus
cause diffraction of the incoming X-rays. (c) Fabricated grating. (d)
Measured visibility for the grating shown in (c) as a function of the
propagation distance. Image reproduced from [Kagias2019].

3.2.2 X-ray speckle-based imaging

X-ray speckle-based imaging is a special case of modulation-based imaging,

where the modulator consists of one or more layer of sandpaper. It was first

introduced by Morgan [Morgan2012] and Berujon [Berujon2012]. The patter

on the detector consists of a random speckle-like intensity distribution.

Commercially available sandpaper, typically composed of silicon carbide

grains, is used as a diffuser to create a speckle pattern and finer grit sizes are

chosen to produce a speckle pattern with a smaller speckle size. The size of

the speckle pattern is mainly determined by the grit of the sandpaper, while

the visibility of the speckle pattern is influenced also by the beam properties

and the type of the detection system. The visibility of the speckle pattern

can be enhanced by adding multiple layers of sandpaper or increasing the

distance from the diffuser to the detector. The speckle size of the diffuser at

the detector stage should be bigger than the pixel size, so to be resolved.

Several acquisition methods are available, including single-shot speckle-

tracking [Berujon2012; Morgan2012] and multi-frame 1D and 2D scanning

[Wang2016], with advanced mixed approaches simplifying the process [Beru-

jon2017]. Various algorithmic methods have been developed to extract infor-

mation from X-ray patterned data. The majority of these methods utilize a

pattern- or speckle-tracking approach [Berujon2012; Zdora2017], while some

rely on implicit tracking methods [Pavlov2021]. The algorithm used in this

PhD thesis is the Unified Modulated Pattern Analysis (UMPA) [Zdora2017;
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DeMarco2023], which explicitly models local distortions of the reference

pattern caused by the sample.

The drawback of speckle-based imaging is that it needs a high detector reso-

lution to image the interference patterns. On the other hand, SBI provides

a high phase sensitivity, quantitative output, and it is compatible with labo-

ratory sources. Thanks to its benefits and relaxed setup constraints, SBI has

become increasingly popular in the imaging community.

3.2.3 Unified Modulated Pattern Analysis

The Unified Modulated Pattern Analysis (UMPA) [Zdora2017; DeMarco2023]

is an algorithm that allows to extract transmission, phase and dark-field

signals from a modulation-based imaging (MBI) dataset. UMPA is an explicit

tracking model that allows signal retrieval from single shot acquisitions,

modelling the local intensity variations in a near-field speckle pattern when a

sample is inserted in the beam.

In a single-shot acquisition scheme, a single reference image I0(r) is acquired

with only the modulator, but not the sample, in the beam. When the sample

is introduced in the beam, a sample image I(r) is acquired. UMPA performs

a comparison between I0(r) and I(r) for every pixel r, by centring an analysis

window of size (2N + 1)× (2N + 1) pixels on I(r), and seeking the most

similar match of this window in the reference image I0(r) [DeMarco2023].

The attenuation of the sample is described by a uniform decrease of intensity,

the refraction induced by the sample is modelled with a local transverse

translation u, and the dark-field is modelled as a decrease in the modulation

amplitude. The effect of the sample is modelled as follows:

Imodel(r; u, T, D) = T(r) · {D(r) · [I0(r 2 u)2 ïI0(r 2 u)ð] + ïI0(r 2 u)ð} ,

(3.11)

where T(r), D(r) and u(r) correspond to the transmittance, dark-field, and

differential-phase signals. ïI0(r)ð is the local mean of I0 in the vicinity of r.

A better image quality and a higher spatial resolution can be achieved by

acquiring different sets of sample and reference images with a relative lateral

displacement between the sample and the modulator.

UMPA attempts to minimize the sum of squared differences between the

reference and sample images in a window Γ(w):

L(r) =
M

∑
m=1

N

∑
wx=2N

N

∑
wy=2N

Γ(w) ·
[

Imodel
m (r + w 2 Sm; u, T, D)2 Im(r + w 2 Sm)

]2
,

(3.12)

where M pairs of images contribute to the final cost function L(r). A Ham-

ming window Γ(w) function is used to decrease the weight of the pixels at

the edges of the window.
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Two stepping modalities can be employed to acquire different pairs of sample-

reference images: the diffuser-stepping mode, and the sample-stepping mode

(Fig. 3.3). In the diffuser-stepping approach, the diffuser is shifted transversely

to the beam, typically in a spiral pattern, and different pairs of sample-

reference images are acquired at different diffuser positions. An instability of

the motors can cause artefacts in the images that can be corrected considering

a drift of the modulator. In the sample-stepping mode, the sample is moved

relatively to the diffuser and the difference in sample position between the

different steps is taken into account so that identical regions of the sample

add to the local minimization. With the sample-stepping approach, the field

of view can be extended, being limited only by the travel range of the motors

(Fig. 3.4).
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Figure 3.3: An outline of the two possible stepping methods used for UMPA. (a)
Diffuser-stepping method. (b) Sample-stepping method. (c) Coverage
maps of the sample for the two stepping methods. Image reproduced
from [DeMarco2023].

Figure 3.4: Flower acquired with speckle-based imaging and analysed using UMPA
with the sample-stepping approach and a window of size 5 × 5. (a)
Overview of the whole sample (differential-phase shift signal). The
dashed rectangle represents the size of the detector field of view
(3.48 mm× 7.25 mm). Three regions of interest are shown in the insets on
the right, for all four modalities. Image reproduced from [DeMarco2023].
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3.2.4 Speckle-based directional dark-field imaging

Samples with strongly oriented microstructural features often exhibit an

anisotropic X-ray scattering profile. In these cases, the directionality of the

scattering can also be extracted to reveal information about their orienta-

tion. Directional dark-field (DDF) can detect and quantify the orientation of

anisotropic structures. X-ray speckle-based DDF imaging was first introduced

by Wang et al. [Wang2015] at synchrotron sources. The proposed method

required the precise movement of a diffuser across the X-ray beam in small,

equidistant steps. While effective, this technique required an extremely stable

setup and high-precision scanning motors, which made it time-consuming

and prone to artefacts. In addition, hundreds of scanning points were needed

to achieve adequate angular resolution, limiting its application in real-world

scenarios requiring faster imaging.

To address these challenges, Zhou et al. [Zhou2018] suggested a tracking

method that significantly simplified the imaging process. Their approach

required the acquisition of only two images, a reference image and a sample

image, and used the visibility loss across line profiles taken at various angles.

This allowed for a more efficient and robust reconstruction of the DDF signal

with less stringent setup requirements and it was also tested on images

acquired with a laboratory source.

Later, Pavlov et al. [Pavlov2021] introduced a novel approach based on the

Fokker-Planck equation. Their approach presented an explicit model of the X-

ray energy flow through a sample, allowing for the extraction of the dark-field

signal directly from the speckle pattern. However, this technique operated

under the assumption that the dark-field signal varied slowly throughout the

sample, potentially limiting its applicability to cases where rapid changes in

scattering properties occur.

Wang et al. [Wang2021] expanded the concept of angular analysis by imple-

menting a spiral scanning pattern. This allowed for a more comprehensive

sampling of the scattering directions, improving the angular sensitivity. Al-

though this represented a significant advancement, the technique was still

limited by analysing a finite number of discrete angles, leaving room for fur-

ther refinement in angular resolution. This approach was demonstrated only

with synchrotron radiation, but it can be potentially transferred to laboratory

X-ray microfocus sources.

The key challenges related to scan time, angular resolution, and equipment

stability have been tackled by the work of Smith et al. [Smith2022]. In this

approach, UMPA is refined, enabling the extraction of mean scattering width,

directionality, and orientation of the DDF signal. In their work, it is shown

how the reconstruction parameters can be tuned to increase accuracy at the

expense of spatial resolution. However, the model converges very slowly,

and it is not suitable for a tensor tomography setup, where thousands of

projections have to be analysed in real time.
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X-ray speckle-based DDF imaging has been recently demonstrated also us-

ing a low-coherence X-ray source [Magnin2023]. This approach foresee

implementing both imaging and scattering measurements within the same

setup.
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4.1 scalar tomography

The previous chapters described the interaction of X-rays with matter and

how it is possible to extract 2D information on attenuation, phase-shift or

scattering in a sample using modulation-based imaging. For thin samples,

a 2D image can provide sufficient information on the sample. However, for

most applications, 3D samples are studied and 3D volumetric information is

necessary to overcome inaccuracies due to superposition effects in planar im-

ages. This chapter introduces the principles of scalar computed tomography

and tensor tomography.

4.1.1 Radon transform and filtered back-projection

A tomographic acquisition consists in a collection of planar images at various

angular orientations of the sample around a rotation axis perpendicular

to the beam (Figs. 4.1-4.2). If we consider a parallel beam approximation,

each projection will be the line integral through the sample of the spatial

distribution function f (x, y, z) of the sample for a given angular view.

We consider the rotation axis long the z axis and with f (x, y) we indicate

a slice of the object perpendicular to the rotation axis, along the xy plane.

In this case, the 1D projection of the spatial distribution function at a given

angle φ is called the Radon transform.

f̃ (p, φ) =
∫ +∞

2∞
f (p cos φ 2 s sin φ, p sin φ + s cos φ) ds. (4.1)

Where we expressed the Radon transform using a coordinate system with

axes p and s rotated by an angle φ with respect to x and y.

The reconstruction of the projection is obtained by a back-projection of the

Radon transform for all the angles φ.

[B( f )](x, y) =
∫ π

0
f (x cos φ + y sin φ, φ) dφ. (4.2)

It can be demonstrated [Deans1983] that the 2D spatial distribution function

of a slice of the sample, can be recovered using the back-projection of the

Radon transform. However, since using the simple back-projection would

lead to a blurred reconstructed image, the projections are filtered with a

29



4.1 scalar tomography 30

ramp filter before the back-projection step in Fourier space. The filtered back-

projection (FBP) method is the most commonly used method to reconstruct a

tomographic dataset. It consists of filtering of the measured projection data

followed by a back-projection step.

f (x, y) = B f 7 =
∫ π

0
f 7(x cos φ + y sin φ, φ) dφ, (4.3)

where f 7 is defined as follows:

f 7(s, φ) = F21 {|k|F{( f (k, φ))}} . (4.4)

F and F21 are the Fourier transform and inverse Fourier transform, respec-

tively, and k is the coordinate in Fourier space.

Figure 4.1: Simplified illustration of the scanning sequence of the first computed
tomography scanner. Image reproduced from [Hounsfield1973].

4.1.2 Iterative methods

Even though direct reconstruction methods are computationally efficient,

they rely on the inversion of a continuous model, and thus they require

a sufficiently large number of noise-free projections. When reconstructing

sparse datasets, direct inversion methods (such as FBP) result in significant



4.1 scalar tomography 31

Figure 4.2: A sample in position in the first computed tomography scanner. Image
reproduced from [Hounsfield1973].

artefacts in the reconstructed volume. To overcome these problems, iterative

methods are used. Unlike direct methods, iterative approaches refine the

solution over successive iterations, enabling better convergence towards a

realistic and artifact-free reconstruction even with limited projection data.

Iterative algorithms solve a system of linear equations of the form AX = B,

where A is a rectangular M × M matrix and X and B are M × 1 column

vectors. The matrix A s a sparse matrix: it is usually quite large, with

dimensions of the order of 104, but with many of its entries being zero. Even

if solving a system of linear equations might seem a trivial problem, the

number of unknowns and the number of equations is large and the number

of available equations from the projection data can be fewer than the number

of unknowns.

Different iterative reconstruction methods exist, such as the algebraic re-

construction technique (ART), and the simultaneous iterative reconstruction

technique (SIRT), and the simultaneous algebraic reconstruction technique

(SART), a hybrid method [Kak1988].

In ART techniques, the method computes an approximation of the solution of

the linear systems of equations. Each projection in a tomographic acquisition

is a linear equation, and the unknowns are the pixel (or voxel) values of

the image to reconstruct. ART iteratively refines the estimates of these pixel

values to fit the projection data. In each iteration, ART computes the new

iteration vector such that one of the equations in the system is satisfied.

This is achieved by projecting the current iteration vector X on one of the

hyperplanes.
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The update formula for ART is given by:

x(k+1) = x(k) +
bi 2 Ai · x(k)

'Ai'2
· AT

i , (4.5)

Where x(k) is the solution vector at iteration k, bi is the measured projection

value for the i-th ray, Ai is the i-th row of the system matrix, representing the

contribution of each pixel to the i-th projection. 'Ai'
2 is the squared norm of

the i-th row of A.

ART reconstructions usually suffer from salt and pepper noise, caused by the

approximations introduced to solve the system of equations. SIRT, on the

other hand, updates all pixel values only at the end of each iteration, after

considering all the projections, where the change for each pixel being the

average value of all the computed changes for that pixel.

In SART, it is possible to have reconstructions of good quality in only one

iteration. Instead of the pixel basis, bilinear elements are used. Unlike ART,

SART applies correction terms simultaneously for all rays in one projection.

Additionally, a Hamming window is used to reduce noise.

4.1.3 Absorption, phase and dark-field tomograms

As described in chapter 3, from a modulation-based imaging measurement,

three kinds of signals are obtained: absorption, phase-contrast and dark-field.

The absorption tomogram, reconstructed from the absorption projections,

provides a 3D map of the sample’s attenuation coefficient, µ, which represents

its attenuation properties. According to the Beer-Lambert Law, transmission

T through the sample is:

T = exp

(

∫

2µ(x, y, z)dz

)

(4.6)

To obtain the attenuation coefficient of a sample, we apply the logarithm to

the absorption projections and multiply them by 21. Filtered back-projection

is then used to generate the absorption tomogram.

The phase tomogram describes the 3D distribution of the refractive index

decrement, δ, which is proportional to the electron density, ρa. The phase

tomogram is therefore a 3D electron density map of the specimen.

As we described in Eq. 2.11, the phase shift (∆Φ) of X-rays is related to δ.

While in propagation-based imaging (PBI), the phase signal is recovered

computationally, in modulation-based imaging (MBI), the first derivative of

the phase signal (∂Φ/∂r) is reconstructed. The approaches to reconstruct the

phase projections differ from PBI and MBI.
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For PBI, the phase projections are reconstructed similarly to absorption,

without taking the logarithm, and the phase volume is multiplied by λ/2π

to obtain δ, which can be converted to ρa [Zdora2021]. On the other hand, for

MBI, the first derivative of the phase-signal is obtained:

2π

λ

∂Φ

∂x
=

2π

λ

∂

∂x

∫

δ(x, y, z)dz (4.7)

Integration of the differential phase signal in the projections, followed by

conventional filtered back-projection, is necessary to obtain the 3D electron

density map.

The electron density map can be converted to the mass density map multiply-

ing it by A/NAZ, where A is the molecular mass, NA the Avogadro number

and Z the atomic number. The mass density map, combined with absorption

data, helps distinguish different materials in the specimen [Zanette2015].

For MBI, a dark-field tomogram can be obtained from the same tomographic

acquisition using filtered back-projection, similar to the case of the absorption

tomogram. It has been demonstrated [Wang2009; Bech2010; Wang2016] that

the dark-field signal is related to the linear diffusion coefficient ε:

ε =
σ2

∆s
, (4.8)

where σ is the total scattering width and ∆s is the thickness of a slice. For

speckle-based imaging, the following expression holds:

∫

ε(s)ds = 2
ζ2

a

8π4z2
lnγmax, (4.9)

where ζa is the average speckle size, z is the propagation distance and γmax,

is the maximum cross-correlation coefficient, quantifying the visibility of the

speckle pattern.

4.2 tensor tomography

After a conventional tomographic scan, a scalar (i.e., the attenuation coeffi-

cient) is reconstructed for each voxel. On the other hand, a different model

is necessary to extract the scattering tensor. In X-ray tensor tomography

(XTT) two-dimensional projection images, with small-angle scattering signals,

are acquired at various orientations of the sample. The two-dimensional

directional scattering signals can be combined to reconstruct tomographically

the local scattering tensor of the sample.

Different tensor tomography models have been suggested in recent years,

both for scanning SAXS and full-field imaging with circular diffractive optics.
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It has been demonstrated [Malecki2014] that the X-ray directional dark-field

signal D(x, y) can be expressed like a weighted Beer-Lambert law:

D(x, y) = exp

[

2
∫ ∞

∑
α=1

(

(|eα(x, y, z)||t|)2(|ŝ × êα|ïêα, t̂ð)2 dz
)

]

, (4.10)

where êα is the normalized scattering vector along the sampling direction, ŝ

is the normalized beam direction vector, and t̂ is the sensitivity unit vector

of the grating interferometer. For a given geometry, the values of the weight

factor (|ŝ × êα|ïêα, t̂ð)2 can be precalculated.

Another tensor tomography model, alternative to Eq. 4.10, does not use a

fixed number of scattering sampling direction, but instead it defines a 2-rank

symmetric scattering tensor T [Gao2019]. We can write D(x, y) with the same

formalism of Eq. 4.10.

D(x, y) = exp

[

2
∫

(s × t)T · T(z)(s × t) dz

]

, (4.11)

where

T =

þ

ø

Txx(z) Txy(z) Txz(z)

Txy(z) Tyy(z) Tyz(z)

Txz(z) Tyz(z) Tzz(z)

ù

û (4.12)

Both models assume that the local scattering distribution is modelled as

an ellipsoid. It is also possible to model the scattering distribution using

spherical harmonics [Liebi2015]. However, this model is beyond the scope of

this PhD project.

To find the scattering tensor, we can build a system of linear equation, solvable

using iterative solvers, like least squares (LS) or conjugate gradients (CG).

A non-iterative approach for tensor tomography was recently presented

[Kim2022]. The suggested filtered back-projection method is based on alge-

braic filters and enables rapid tensor tomographic reconstructions (Fig. 4.3).

The measured scattering signal pmγ is the measured scattering signal with

measurement index m and sensitivity angle index γ:

pmγ = 2ln(Dmγ) = ∑
α

vmγα

∫

Lm

µ(x)dx = ∑
α

vmγα

∫

R

µα(xm + qlm)dq. (4.13)

The scalar term vmγα is the weight factor of Eq. 4.10. To reconstruct µα, the

squared magnitude of the scattering vector êα along the sampling channel α,

the iterative reconstruction in [Kim2020] can be approximated by a filtered

back- projection (FBP) with a precalculated algebraic filter:

µα = W̄THqα
p. (4.14)
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In Eq. 4.14 the matrix W represents the discrete beam path integral operation,

Hqα
is the convolution matrix of the algebraic filter qα. The entire volume

can be expressed as the back-projection of the convolution of qα with the

measurement vector p.

Figure 4.3: (a) An outline of the setup of X-ray scattering tensor tomography. The
X-rays are diffracted by a circular grating array and form (b) a circular
pattern at the detector stage. The directional scattering signal is extracted
along the sensitivity vectors. In (c) the seven scattering sampling direc-
tion channels are shown [Kim2022]. Image reproduced from [Kim2022].



5 S P E C K L E - B A S E D DA R K- F I E L D

DA M A G E D E T E C T I O N I N C F R P

In this chapter we detect Barely Visible Impact Damage in composite materi-

als, particularly carbon fibre reinforced plastics (CFRPs), using modulation-

based dark-field imaging with a sandpaper diffuser. We demonstrate the

capability of speckle-based dark-field imaging to detect these critical failure

mechanisms in CFRPs, offering a valuable tool for non-destructive testing of

composite structures. This chapter was done in collaboration with Gregor

Borstnar, Mark Mavrogordato, Ian Sinclair and Mark Spearing of Southamp-

ton University, who provided the samples. The project and the analysis of

the results were supervised by Ronan Smith.

5.1 introduction

The term "composite material" refers to any material made from multiple

component materials to enhance its mechanical properties. Among these,

carbon fibre reinforced plastics (CFRPs) consist of carbon fibres (5 2 7 µm ra-

dius) embedded in an epoxy-based matrix [Soutis2005; Huang2009]. Various

forms of CFRPs exist: different layers with unidirectional fibres, two- and

three-dimensional woven layups, and materials with short/discontinuous

fibres of varying degrees of alignment. The applications of these materials

are countless in the automotive, construction, aerospace, and biomedical

industries.

While manufacturing CFRPs, different defects may occur, such as porosity,

fibre waviness and wrinkling, and delamination [Chen2022]. In addition,

throughout their life cycle, CFRPs may potentially suffer damage, for instance

from impacts. As a consequence, the mechanical properties of the CFRP

laminated panels can experience a significant degradation, often without

leaving visible signs on the surface. This type of damage is known as Barely

Visible Impact Damage (BVID) [Richardson1996]. BVID is the result of

several damage mechanisms [Bouvet2012] that reduce the material’s strength,

causing sub-surface damages. The two main damage mechanisms behind

BVID are delaminations of the plies and interlaminar matrix cracks. The

most common types of delamination are indicated as Mode I and Mode II

(Fig. 5.1). Mode I delamination (or opening) consists in a separation of the

layers, with the cracks running through the layers. On the other hand, Mode

II delamination (or shearing) is induced by shear stresses pushing the layers

in opposing directions relative to each other along the interface plane as a

result of material bending.
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Figure 5.1: The three modes of delamination: Mode I or opening, Mode II or shear-
ing, and Mode III or tearing. Image from [Kormanikova2015].

Since delamination is one of the most common failure mechanisms in com-

posite laminates, extensive study has been conducted to detect the damages

and develop computational models. Indeed, understanding and detecting

what kind of damage happened is fundamental to prevent failures in safety

critical structures.

Several techniques have been used to detect BVID, such as ultrasound

[Wronkowicz2018] and X-ray radiography [Garcea2018]. The latter is exten-

sively used to detect damages in several materials. However, detecting small

damages measuring only the attenuation of the X-ray beam on a large sample

can be hard, especially for a BVID that extends in the beam direction. X-ray

micro-computed tomography (µ-CT) can overcome the limitations of X-ray ra-

diography. Nevertheless, the majority of CFRPs that undergo non-destructive

testing are large, plate-like objects. For these object, the µ-CT is not suitable,

since many artefacts form when the sharp edges of the sample align with the

beam [Yu2016]. Computed Laminography (CL) overcomes this problem by

tilting the sample towards the beam [Helfen2007] and it is thus often used to

evaluate cracking in CFRP plates [Moffat2010].

Compared to CL, X-ray radiography has the advantage of being much faster

both in the acquisition and in the analysis. If attenuation signal is often

not sufficient for the detection of BVID, dark-field signal can be exploited.

Different studies have shown the feasibility of damage detection using dark-

field imaging, using a Talbot-Lau interferometer [Senck2018; Rus2020] or

an Edge-Illumination system [Endrizzi2015; Shoukroun2022]. The surfaces

and voids created by delaminations and matrix cracks interact with X-rays in

different ways, due to their different orientations and geometries, producing

distinct dark-field signals.

In this chapter, we present the results obtained using speckle-based dark-field

signal to study both the delamination of the plies and the matrix cracking.
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5.2 experimental setup and data acquisition

5.2.1 Sample preparation

Two samples have been realised for this study by Solvay (Belgium) by adding

particles to the matrix to modify the damage processes observed in BVID

[Bull2014]. The first sample was meant to have more matrix cracking, there-

fore we will refer to it as matrix-cracking sample, and the other to have

delamination as the primary damage mechanism, from now on the delamina-

tion sample. The samples were manufactured utilizing a 24 ply layup with

a [45/0/ 2 45/90]3s stacking sequence, in compliance with ASTM D7137M

requirements. The cured composite sheet had a thickness of 4.5 mm± 0.2 mm.

The coupons were waterjet cut and end-mill finished into 150 mm × 100 mm

sections. Two types of secondary phase thermoplastic particles, comprising

13% of the pre-cure weight of the interlayer, were dispersed in the interlayers.

Both materials used the same base epoxy resin and intermediate modulus

carbon fibre. To induce the necessary damage for imaging, the samples

were placed over a 125 mm × 75 mm window and subjected to a quasi-static

impact. Both were indented to a depth of 4 mm by using an indenter with a

radius of 8 mm.

5.2.2 Experimental setup

Dark-field radiography was performed at the ID19-ESRF beamline. An out-

line of the experimental setup is shown in Fig. 5.2. We used a polychromatic

beam a with mean photon energy of 37.7 keV. As a wavefront modulator, we

used a diffuser made of 6 sheets of P180 grit silicon-carbide sandpaper. As a

detector, we used a PCO.edge sCMOS detector coupled to a Gadox scintil-

lator and a 0.3X objective. The pixel size in the sample plane was 21.6 µm.

The sample-diffuser distance was 1.89 m, while the sample-detector distance

was 6.65 m. We used a sample-stepping acquisition procedure, stepping the

sample through the beam with 5 ms exposure time. For each sample position,

50 images were averaged to reduce noise. The total FOV encompassing all

the 560 frames was 122 mm × 137 mm, where the FOV of each overlapping

frame was 41.6 mm × 7.99 mm.

Synchrotron-based computed laminography at the ID19-ESRF beamline has

been used to validate the results. We used a polychromatic beam with a

mean energy of 19 keV. The pixel size was 1.4 µm in the sample plane, and

the field of view (FOV) was 2.8 mm × 2.8 mm. We acquired 2400 projections

with an exposure time of 100 ms. For each sample, we acquired four scans,

giving reconstructed volumes of 7.6 mm × 2.0 mm × 1.0 mm.
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Figure 5.2: Schematic overview of the experimental setup. The X-ray beam is modu-
lated by a diffuser mounted on a scanning stage upstream of the rotator.
The detector system consists of a sCMOS camera with an X-ray micro-
scope.

5.3 analysis of the results

We analysed the radiographs using UMPA algorithm with an analysis window

of 7× 7 pixels. We used a mask made of dark-corrected flats in UMPA, instead

of simply flat-correcting the images before performing the analysis. This

expedient guaranteed a better quality in the reconstructed images, due to

instabilities in the flat images. The positions of the diffuser and sample

motors were optimised using cross-correlation to avoid artefacts due to

motors instabilities. We extracted and compared both transmission and

dark field from UMPA and validated the results using CL segmentations

performed by Gregor Borstnar.

Fig. 5.3 shows the matrix-cracking sample. Fig. 5.3a shows the transmission of

the sample, placed on an aluminium holder, with the crack area highlighted

in the green region of interest (ROI) and shown in Fig. 5.3c. By looking at the

transmission image, it is difficult to identify the extent of the damage. On

the other hand, in Fig. 5.3b and in the ROI in Fig. 5.3d, the dark-field images

show the extent of the matrix-cracking damage. From the dark-field images,

it is therefore possible to recognise that the matrix-cracking sample has a

crack-like failure under the indentation site, with several cracks propagating

from it. The results were validated with CL. The yellow ROIs in Fig. 5.3c-d

show the regions where the segmentation of CL volumes was performed.

From the segmented volume in Fig. 5.3e, it is possible to recognise different

matrix cracks, caused by an increased toughness. On the left-hand side of the

volume, the matrix cracks are more numerous, since this region is closer to

the impact site.
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Figure 5.3: Radiographs of the matrix-cracking sample. In (a) a transmission radio-
graph of the whole sample and in (c) a ROI in the damaged area. In
(b) a dark-field radiograph of the whole sample and in (d) a ROI in the
damaged area. In (e) the segmented laminography volume performed in
the yellow region. The segmentation was performed by Gregor Borstnar.

Fig. 5.4 shows the delamination sample. Fig. 5.4a shows a transmission

radiograph of a ROI in the damaged area of the sample, while Fig. 5.4b shows

a dark-field radiograph in the same region. Even more clearly than before, the

dark-field radiograph allows a visual inspection of the damage, which is not

possible only by looking at the transmission radiograph. Figure 5.4c shows

the segmentation for the delamination sample, where the segmented damage

is following two planes corresponding to the region where plies meet. In this

sample, the main damage mechanism is clearly delamination. However, a

matrix crack is also visible in the left-hand side of the lower delamination

layer. This crack may also be one of the cracks visible in Fig. 5.4b.

In both transmission and dark field images, horizontal and vertical faint

lines are visible. These lines are caused by variations in the X-ray beam’s

intensity across the various frames that were used to produce the final images.

Since the beam location on the detector was also fluctuating, any intensity

correction was unfruitful. The lines are not periodic, so a Fourier correction
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Figure 5.4: Radiographs of the delamination sample. In (a) a transmission radio-
graph of a ROI in the damaged area of the sample. In (b) a dark-field
radiograph of ROI in the damaged area of the sample. In (c) the seg-
mented laminography volume performed in the yellow region. The
segmentation was performed by Gregor Borstnar.

was also not useful. To perform an automatic threshold segmentation using

only dark-field radiographs, we removed the lines by subtracting a region

without the damage to the image. In Fig. 5.5 a comparison of the dark-field

radiograph of the matrix-cracking sample before and after the correction

(Fig. 5.5a-b) and a triangular segmentation before and after the correction

(Fig. 5.5c-d). This segmentation can be performed directly on the dark-field

radiographs, allowing a fast and reliable way of detecting damages in CFRP

materials.

5.4 conclusions

In conclusion, we have shown that by using dark-field radiography, it is

possible to visualise barely visible impact damage on CFRP materials. We

analysed two samples, one with mostly matrix-cracking damage, and the

other with delamination as the primary damage mechanism. In both cases,

the transmission radiographs showed almost no sign of damage except for

the impact point, while in the dark-field radiographs, the damage was easily

recognisable. This study is the first demonstration of visualizing barely

visible impact damage using speckle-based dark-field imaging. By using the

UMPA algorithm and its ability to combine frames taken with the sample in

various positions into a single image, the FOV is limited only by the range
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(a) (b)

(c) (d)

Figure 5.5: Dark-field radiograph of the matrix-cracking sample (a) before and (b)
after the correction. (c) A triangular segmentation before and (d) after
the correction.

of travel on the sample motors. In the future, this analysis could become a

routine in the laboratory for fast non-destructive testing.



6 A M U LT I M O DA L X- R AY TO M O G R A P H Y

ST U DY F O R T H E E VA LUAT I O N O F

T H E M I C R O ST R U C T U R A L C H A N G E S

I N B I O LO G I C A L T I S S U E S

This chapter explores advanced imaging techniques for studying biological

tissues at the sub-micrometer scale, focusing on phase-contrast methods like

modulation-based imaging (MBI) and propagation-based imaging (PBI). A

multimodal study on ovarian tissues provides insights into microstructural

changes during follicular maturation and after cryopreservation (vitrification),

which is crucial for advancing reproductive technologies like ovarian tissue

cryopreservation. Additionally, the chapter explores hepatic tissue imaging to

reveal lipid aggregate distribution in the liver, providing valuable insights for

diagnosing conditions like steatosis. This chapter was done in collaboration

with Lorella Pascolo and Giuseppe Ricci from IRCCS Burlo Garofalo, who

provided the samples. It includes segmentation work from the Erasmus+

Traineeship project of Michèle-Louise Regner, who was supervised by Ginevra

Lautizi as part of this thesis.

6.1 introduction

When it comes to biological tissues, the sub-µm length scale plays a funda-

mental role in understanding tissue changes, whether it is caused by tumours

or other organ-specific pathologies. Revealing the microstructures in human

and animal tissues requires imaging methods with high spatial resolution

and high contrast for soft tissue. The current biomedical standard is con-

ventional histology. However, reconstructing a 3D volume of the sample is

time-consuming, and the reconstruction is affected by artefacts due to sample

preparation and sectioning [Ourselin2001; Pichat2018]. To overcome these

problems, X-ray absorption-based µ-CT is widely employed. However, the

contrast in absorption is typically too low for biomedical applications, par-

ticularly for soft tissue discrimination and vessel visualisation [Muller2018;

Hlushchuk2018], requiring contrast agents that may alter tissue structure and

are incompatible with other imaging techniques. Alternative X-ray techniques

are based on the extraction of phase-contrast signal, employing refraction as

a contrast mechanism to detect small density differences in unstained soft

tissues.

Among these, modulation-based imaging (MBI) has recently seen increased

interest, combining high signal sensitivity with a simple experimental im-
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plementation (see chapter 3). MBI is particularly suitable for biological soft

tissues, where small density differences in the specimen are highlighted

thanks to the differential-phase signal, enabling a higher contrast compared

to absorption imaging without the need for a contrast agent. In addition,

MBI provides information about small-angle scattering, known as dark field.

With the dark-field signal, it is possible both to improve the visualisation

of sub-resolution microstructure alterations and to quantitatively detect the

orientation of anisotropic structures.

In this chapter, we show the results obtained using both MBI and PBI methods

on unstained biological samples, showing similar results and providing

supplementary information for distinguishing tissues.

6.2 bovine ovary

6.2.1 Motivation

In this section, we show a multimodal study on ovarian tissues for a deeper

understanding of the local changes in the microstructures during follicular

maturations as well as those resulting from a cryopreservation procedure

(vitrification). An enhanced understanding of the ovary’s architecture is criti-

cal to supporting developments in reproductive technology such as ovarian

tissue cryopreservation to preserve fertility. There is no complete agreement

on an optimal protocol for cryopreservation [Boccaccio2012; Pascolo2018;

Gianoncelli2023]. Therefore, identifying which freezing procedure better pre-

serves tissue integrity is important in order to allow proper revascularization

after transplantation. The effectiveness of transplantation and subsequent

fertilization heavily relies on the integrity of the tissues and on proper revas-

cularization after cryopreservation.

Studying ovarian tissues with a combination of high-resolution propagation-

based imaging (PBI) and modulation-based imaging (MBI) without the need

for a contrast agent, we may gain insightful knowledge on follicle position

and dynamics in various circumstances, such as ageing, pathologies, and

hormone/drug administration. We could also help to improve the setting of

clinical cryopreservation protocols. The findings in this field would find ap-

plication to improve fertility preservation procedures, particularly for young

women and prepubertal girls at risk of infertility due to chemotherapeutic

treatments.

6.2.2 Sample preparation

The human tissues used for analyses at ESRF in Grenoble in the frame

of the collaboration "Synchrotron-based microscopy at ESRF to unravel is-
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sues of reproductive medicine and environmental toxicology" are obtained

from bovine ovaries. The tissue was embedded into a paraffin block af-

ter an ethanol-dehydration series at the Institute for Child and Maternal

Health–IRCCS Burlo Garofolo of Trieste.

6.2.3 Experimental setup and data acquisition

We scanned previously frozen bovine ovary samples both with synchrotron

light at ESRF and with a high-brilliance microfocus liquid-metal-jet X-ray

source.

The experiment with synchrotron light was performed at the beamline ID19

of the European Synchrotron Radiation Facility (ESRF). An outline of the

experimental setup is shown in Fig. 6.1. To compare the tissue structure at

different length scales, the specimens were scanned using two configurations:

one at medium spatial resolution (MR) for MBI, and another at high spatial

resolution (HR) for PBI.

For the HR setup, we used the U17 single-harmonic undulator in combination

with 0.7 mm of aluminium to generate an X-ray beam with a mean energy

of 19 keV. As a detector, we used a PCO.edge sCMOS detector coupled

to a scintillator and a magnifying objective. The pixel size in the sample

plane was 1.3 µm. The HR setup was used for PBI measurements with a

propagation distance (sample-detector distance) of 0.05 m. The sample was

mounted on a tomographic stage. Tomography was performed by acquiring

3000 projections over 180ç. Before the scan, 10 dark images (with a closed

X-ray shutter) were obtained and averaged. The flat-field was calculated by

averaging 20 frames taken without the sample in the beam. The exposure

time per frame was 100 ms.

For the MR setup, we used the U17 single-harmonic undulator in combination

with 0.7 mm of aluminium to generate an X-ray beam with a mean energy

of 26.5 keV. We used the same detector as for the HR setup, but adjusting

the magnification to have a pixel size in the sample plane of 3.1 µm. The

MR setup was used for MBI measurements with sandpaper (SBI). Two layers

of P800 sandpaper were used to generate a near-field speckle pattern. The

sandpaper modulator was mounted on translation stages for stepping in

the plane transverse to the beam direction. The sample-modulator distance

was 0.7 m, while the sample-detector distance was 0.06 m. The sample was

mounted on a tomographic stage. Tomography was performed by acquiring

3000 projections over 180ç. Before the scan, 10 dark images (with a closed

X-ray shutter) were obtained and averaged. The flat-field was calculated by

averaging 20 frames taken without the sample and the modulator in the beam.

The exposure time per frame was 100 ms. This process was repeated for 20

modulator positions, which were scanned in a spiral trajectory to prevent

incorrect pattern-tracking effects and grid-like visual artefacts. A reference

imagine was obtained for each modulator position by averaging a series of
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Figure 6.1: Schematic overview of the experimental setup. The X-ray beam is modu-
lated by a diffuser mounted on a scanning stage upstream of the rotator.
The detector system consists of a sCMOS camera with an X-ray micro-
scope.

20 reference images that were acquired with the modulator in the beam but

without the sample.

The experiment with a laboratory source was performed at the OPTIMATO

laboratory. We will call the data analysed with this setup the LAB dataset.

For the LAB dataset, X-rays were generated by a microfocal, high-brilliance

liquid-metal-jet source (MetalJet D2+, Excillum, Sweden), with a maximum

acceleration voltage of 160 kV, a maximum power of 250 W, and adjustable

focal spot sizes (g 15 µm). The mean energy was 24 keV. As a detector, we

used an FPD (Varex Imaging’s 1512 CMOS camera) with a 200 µm thick micro

columnar CsI scintillator. This detector has an effective area of 145× 115 mm2

and a pixel pitch of 74.8 µm. The LAB setup was used for PBI measurements

with a source-sample distance of 0.16 m and a source-detector distance of

1.5 m. The effective pixel size at this magnification was 7.98 µm. The sample

was mounted on a tomographic stage. Tomography was performed by

acquiring 1441 projections over 360ç. Before the scan, 30 dark images (with

a closed X-ray shutter) were obtained and averaged. The flat-field was

calculated by averaging 20 frames taken without the sample in the beam. The

exposure time per frame was 60 s.

6.2.4 Analysis of the results

HR dataset

The HR dataset, without the use of a modulator, was processed with the

transport-of-intensity equation-homogeneous-sample (TIE-Hom) algorithm
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[Paganin2002], assuming a constant δ/β value for the volume. The ratio δ/β

was estimated, using tabulated value as (δso f ttissue 2 δwax)/(βso f ttissue 2 βwax)

[Schoonjans2011]. An example of one of the 3000 projections is visible in

Fig. 6.2, whee the sample (soft tissue) is visible inside the paraffin (wax)

block.

Figure 6.2: Two of the 3000 projections of the tomographic scan of a bovine ovary in
paraffin with the HR setup, obtained with PBI.

While it was difficult to recognise any structure in the PBI projections, 3D in-

formation can only be obtained from the tomographic volume. Tomographic

reconstructions of the projections were carried out with the FBP method from

the ASTRA toolbox, after an accurate centre of rotation correction. In Fig. 6.3

three slices of the volumes are shown: axial, coronal, and sagittal, respectively.

The coloured lines indicate the planes where the slices were taken. Some

features of this sample, such as the corpora lutea, the follicles, and the blood

vessels are visible in the slices.

Figure 6.3: Bovine ovary volume (HR) acquired with propagation-based imaging.
(a) An axial slice of the volume, (b) a coronal slice and (c) a sagittal slice.
The scale bar is 500 µm.

Some additional slices through the volume are visible in Fig. 6.4. Previously

observed structures can be identified, such as corpora lutea (Fig. 6.4a-b). Two

other slices reveal additional features: a blood vessel (Fig. 6.4c) and several

follicles (Fig. 6.4d). The blood vessels and the antrum of the follicles have a

lower density and hence appear darker, while the oocytes appear lighter due

to their higher density.
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Figure 6.4: Additional slices through the bovine ovary volume (HR) acquired with
propagation-based imaging. (a) An axial slice where a corpus luteum is
visible, and (b) a coronal slice with a mature corpus luteum. In (c) an
axial slice where a blood vessel and a small follicle are visible with high
contrast. In (d) an axial slice where several follicles are visible. The scale
bar of the slices is 500 µm, while the scale bar of the insets is 100 µm.

The 3D volume was downsampled by binning by two the neighbouring voxel,

with a resulting voxel size of 2.6 µm. This operation lowered the volume size,

accelerating the segmentation. Although the binning procedure lowered the

resolution, the segmentation was still possible since the interesting features

are bigger than the final pixel size.

The segmentation was done in Dragonfly ORS [Dragonfly2022], mainly

by hand using the segmentation wizard. Four labels were used for the

segmentation: follicles (yellow), corpora lutea (orange), vessels (red) and all

the rest of the soft tissue (pink). In Fig. 6.5a a ROI of the segmented volume is

shown, while in Fig. 6.5b-c two axial slices are presented with superimposed

the segmented features.

The segmentation helped us to visualise the structures in the bovine ovary

and allowed us to perform an accurate analysis of the follicle mean diameter.

In Fig. 6.6 the results of the follicle diameter analysis are shown. Fig. 6.6a

shows the segmented follicles colour-coded depending on their diameter,

while Fig. 6.6b shows the distribution of diameter values in the segmented

follicles. The mean follicle diameter resulted to be 41.89 µm ± 15.61 µm.
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Figure 6.5: (a) A ROI of the segmented volume with follicles (yellow), corpora lutea
(orange), vessels (red) and all the rest of the soft tissue (dark pink). (b)
An axial slice with a corpus luteum (orange) and some follicles (yellow).
(c) An axial slice with a vessel (red) and some follicles (yellow). The scale
bar is 500 µm.

Figure 6.6: Results of the follicle diameter analysis. In (a) the segmented follicles
colour-coded depending on their diameter. In (b) the distribution of
diameter values in the segmented follicles. The scale bar is 500 µm.
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MR dataset

PBI is the simplest experimental method for qualitatively visualising phase

information. However, with MBI, the different quantitative signals add

value to the biological interpretation of sample composition (e.g., attenuation

coefficient, electron density, diffusion coefficient).

To obtain the 3D volumes with SBI, all sample images and reference images

underwent dark- and flat-field correction. Each frame was also normalized

for the beam current. Any dead and bright pixels in the corrected frames

were replaced with the median values of their neighbouring pixels. We

used UMPA algorithm to process the sets of 20 sample frames captured at

identical angles but different modulator positions, along with the 20 reference

frames taken at corresponding modulator positions. Before applying UMPA,

the drifts and instabilities of the modulator were adjusted for by matching

the reference speckle images to the appropriate sample images by using

cross-correlation in an air region without the sample, where the two images

should agree. Even though the observed displacements in this correction

process were almost negligible, this correction enhanced the image quality.

The images were then processed using UMPA. This processing produced the

transmission, dark-field, and refraction angle signals for each projection in

both the vertical and horizontal directions. An example of one of the 3000

projections is visible in Fig. 6.7. In the projections, it is difficult to distinguish

between the tissue and the paraffin due to the rough surface of the paraffin

block. However, it is visible that the dark-field signal is dominated by noise.

We analysed the projections using UMPA algorithm with an analysis window

of 5 × 5 pixels. This window is a good compromise between a high spatial

resolution and a low noise level in the images. The differential-phase signal

from UMPA was bias-corrected [DeMarco2023] to reduce the bias-induced

noise.

To characterize the performance of a modulator, its visibility and mean

speckle size can be calculated. In Fig. 6.8 a flat-corrected reference image is

shown, together with its visibility analysis. The visibility is calculated as the

ratio of the standard deviation and the mean intensity value of the reference

image, and the visibility map is calculated using a Gaussian filter with a

kernel size equal to the analysis window used in UMPA (7 pixels in this

analysis). The visibility map shown in Fig. 6.8b is not homogeneous all over

the field of view, and its mean value is 11%.

In Fig. 6.9 the mean speckle size of the modulator, which is determined by

calculating the full width at half maximum (FWHM) of the radial profile

from the 2D auto-correlation function of a reference image. The speckle size

is 3.9 pixel or 12.1 µm.

Quantitative phase images were created by integrating the differential-phase

images in both horizontal and vertical directions (Fig. 6.7c-d). Before recon-

structing the tomogram, we applied a ring correction to each slice’s sinogram.

This correction is necessary to minimize ring artefacts, which primarily result
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Figure 6.7: One of the 3000 projections of the tomographic scan of a bovine ovary in
paraffin with the MR setup, obtained with SBI using UMPA algorithm.
(a) Transmission, (b) dark-field signal and (c) the differential-phase signal
in the horizontal and (d) vertical direction reported in pixels.

Figure 6.8: A flat-corrected reference image (a) and (b) its visibility analysis.

from scintillator defects, noise, beam instabilities, and estimation biases in

the UMPA algorithm. The correction we decided to apply was a low-pass

Butterworth filter. A Butterworth filter, with its smooth frequency response,

is used in ring correction to suppress low-frequency ring artefacts while
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Figure 6.9: A 3D representation of the speckle size auto-correlation function in (a)
and its radial profile in (b).

preserving important structural details. Tomographic reconstructions using

phase and transmission projections were carried out with the FBP method

from the ASTRA toolbox.

The phase volume shows the distribution of the refractive index decrement

δ. In Fig. 6.10 three slices of the phase volume are shown: axial, coronal,

and sagittal, respectively. The coloured lines indicate the planes where the

slices were taken. Some features of this sample, such as the corpora lutea,

the follicles, and the blood vessels are visible in the slices.

Figure 6.10: Bovine ovary volume (MR) acquired with modulation-based imaging.
(a) An axial slice of the volume, (b) a coronal slice and (c) a sagittal
slice. The scale bar is 500 µm.

A closer look at the tissue structure of this bovine ovary sample is presented

in Fig. 6.11, where some additional slices through the phase volume are

shown, together with some ROIs highlighting interesting structures. Previ-

ously observed structures can be identified, such as two follicles in different

maturation stages (Fig. 6.11a-d), and two blood vessels (Fig. 6.11b-c).

Comparing the same slices with the transmission volume (Fig. 6.12) by visual

inspection, it is evident how the contrast between the layers is significantly

lower for the transmission slices than for the corresponding phase slices.

Due to the high contrast of interesting features, the phase volume allows for

an easier segmentation. The segmentation of the phase volume was done
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Figure 6.11: Additional slices through the bovine ovary phase volume (MR) acquired
with modulation-based imaging. (a) An coronal slice where a follicle is
visible, and (b) a sagittal slice with two blood vessels. In (c) a coronal
slice where a blood vessel is visible with high contrast. In (d) a coronal
slice where a follicle is visible. The scale bar of the slices is 500 µm,
while the scale bar of the insets is 250 µm.

in Dragonfly ORS [Dragonfly2022], mainly by hand using the segmentation

wizard. Four labels were used for the segmentation: follicles (yellow), corpora

lutea (orange), vessels (red) and all the rest of the soft tissue (pink). In Fig. 6.13

two axial slices of the segmented volume are presented with superimposed

the segmented features.
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Figure 6.12: Some slices (the same of Fig. 6.11) through the transmission volume.
The scale bar of the slices is 500 µm, while the scale bar of the insets is
250 µm.

Figure 6.13: (a) A coronal slice with a corpus luteum (orange), a follicle (yellow)
and some blood vessels (red). (c) A coronal slice with a vessel (red) and
some corpora lutea (orange). The scale bar is 500 µm.

LAB dataset

The results reported until now were obtained using a synchrotron source.

However, PBI phase tomography is being used at laboratory X-ray sources

with little effort or expensive equipment.

Tomographic reconstructions of the projections were carried out with the FDK

method from the TIGRE library for cone-beam geometry reconstructions,

after an accurate centre of rotation correction. Before reconstructing the

tomogram, we applied a ring correction (a low-pass Butterworth filter) to
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each slice’s sinogram. This correction is necessary to minimize ring artefacts,

mainly resulting from scintillator defects, noise, and beam instabilities.

Fig. 6.14 displays three slices through the volume: axial, coronal, and sagittal.

The coloured lines represent the planes from which the slices were obtained.

The slices show some of the sample’s characteristics, including the corpora

lutea, follicles and blood arteries.

Figure 6.14: Bovine ovary volume (LAB) acquired in the laboratory with
propagation-based imaging. (a) An axial slice of the volume, (b) a
coronal slice and (c) a sagittal slice. The scale bar is 1 mm.

Some additional slices through the volume are visible in Fig. 6.15. Previously

observed structures can be identified, such as a corpus luteum (Fig. 6.15b),

two blood vessels (Fig. 6.15a) and a follicle (Fig. 6.15a).

Figure 6.15: Additional slices through the bovine ovary volume (LAB) acquired in
the lab with propagation-based imaging. In (a) an axial slice where a
blood vessel and a follicle are visible. In (b) an axial slice with a mature
corpus luteum. The scale bar of the slices is 500 µm, while the scale bar
of the insets is 250 µm.

This volume was segmented using Dragonfly ORS [Dragonfly2022], mainly

by hand using the segmentation wizard. Four labels were used for the

segmentation: follicles (yellow), corpora lutea (orange), vessels (red) and all

the rest of the soft tissue (pink). In Fig. 6.16a a ROI of the segmented volume

is shown, while in Fig. 6.16b-c two slices are presented with superimposed

the segmented features.

Even though in the laboratory setup, the resolution is lower compared to the

synchrotron scans, it was still possible to segment corpora lutea and vessels.

Using a laboratory source will make the study more widely available for
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Figure 6.16: (a) A ROI of the segmented volume (LAB) with corpora lutea (orange),
vessels (red) and all the rest of the soft tissue (dark pink). (b) A sagittal
slice with a vessel (red) and corpora lutea (orange). (c) An axial slice
with some corpora lutea (orange). The scale bar is 500 µm.

advanced clinical histopathology and research applications for a complete

picture of ovary function and pathology.

6.2.5 Conclusions

As shown in this chapter, with a combined study of PBI and MBI, we were able

to perform virtual histology of ovarian tissue. Using the phase tomogram,

we were able to identify tissue structural information and to perform a

further structural analysis on the size of various functional parts of the organ,

such as the follicles. With this study, we were able to better understand

the microvasculature and the anatomy of the tissues, and to reveal the

effects produced by current clinical cryopreservation protocols. Therefore,

we believe that the presented approach could help to unravel important

aspects of microanatomy and structural changes of the ovary tissue during

maturation or clinical procedures.
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6.3 human liver

6.3.1 Motivation

In this section, we show a multimodal study on hepatic tissue for a deeper un-

derstanding of the distribution of lipidic aggregates in a human liver. Study-

ing the hepatic tissue with a combination of high-resolution propagation-

based imaging (PBI) and modulation-based imaging (MBI) without the need

for a contrast agent, we may gain insightful knowledge on the lipidic aggre-

gates position and distribution, leading to an unprecedented diagnosis of the

severity of steatosis. This measurement was planned for a dark-field analysis

of the sub-micrometer lipidic aggregates, however the dark-field signal was

severely affected by instabilities in the beam.

6.3.2 Sample preparation

The human hepatic tissues used for analyses have been collected from a post-

mortem specimen of a human liver donated to the Institute for Child and

Maternal Health–IRCCS Burlo Garofolo of Trieste. The tissue was conserved

in ethanol.

6.3.3 Experimental setup and data acquisition

We scanned human liver samples with synchrotron light at ESRF. The ex-

periment with synchrotron light was performed at the beamline ID19 of

the European Synchrotron Radiation Facility (ESRF). To compare the tissue

structure at different length scales, the specimens were scanned using two

configurations: one at medium spatial resolution (MR) for MBI, and another

at high spatial resolution (HR) for PBI.

The two setups are analogous to what described in Section 6.2.3, with one

difference in the HR setup: in this case, the X-ray beam had a mean energy of

26.5 keV. We opted for this higher energy to minimise damages in the human

samples.

The MR setup and the way MBI images were acquired are identical to

what described in Section 6.2.3. The interested reader is therefore referred

to Section 6.2.3 for a detailed description of the setup and measurement

conditions.
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6.3.4 Analysis of the results

HR dataset

The HR dataset, without the use of a modulator, was processed with the

transport-of-intensity equation-homogeneous-sample (TIE-Hom) algorithm

[Paganin2002], assuming a constant δ/β value for the volume. The ratio

δ/β was estimated, using tabulated value as (δso f ttissue 2 δethanol)/(βso f ttissue 2

βethanol) [Schoonjans2011].

Tomographic reconstructions of the projections were performed using the

ASTRA toolbox with the FBP approach, after an appropriate centre of rotation

correction. Fig. 6.17 displays three slices of the volume: axial, coronal, and

sagittal. The coloured lines represent the planes from which the slices were

obtained.

Some features of this sample, such as the blood vessels and the lipidic

aggregates, are visible in the slices.

Figure 6.17: Human liver volume (HR) acquired with propagation-based imaging.
(a) An axial slice of the volume, (b) a coronal slice and (c) a sagittal
slice. The scale bar of the slices is 500 µm.

Figs. 6.18-6.19 show further slices of the volume. Identified structures include

bile ducts (Fig. 6.18a and Fig. 6.19b-d), blood vessels (Fig. 6.18c and Fig. 6.19a)

and multiple lipidic aggregates (Fig. 6.18b-d).

By binning the adjacent pixels by two, the 3D volume was downsampled,

resulting in 2.6 µm voxel size. This process sped up the segmentation, by

reducing the volume size. Since the important features are larger than the

final pixel size, segmentation was still achievable even if the binning method

reduced resolution.

The segmentation was done in Dragonfly ORS [Dragonfly2022], mainly

by hand using the segmentation wizard. Three labels were used for the

segmentation: bile ducts (yellow), vessels (red) and lipidic aggregates (cyan).

In Fig. 6.20a a ROI of the segmented volume is shown, while in Fig. 6.20b-c

two axial slices are presented with superimposed the segmented features.

The segmentation helped us to visualise the structures in the human liver

and allowed us to perform an accurate analysis of the lipidic aggregates

mean diameter. In Fig. 6.21 the results of the lipidic aggregates diameter
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Figure 6.18: Additional axial slices through the human liver volume (HR) acquired
with propagation-based imaging. In (a) a bile duct is visible, in (c) a
blood vessel is visible with high contrast. In (b) and (d) several lipidic
aggregates are visible. The scale bar of the slices is 500 µm, while the
scale bar of the insets is 100 µm.

analysis are shown. Fig. 6.21a shows the segmented lipidic aggregates in

cyan. Fig. 6.21b displays the contour of the lipidic aggregates in a single

axial slice, colour-coded depending on their diameter. Fig. 6.21c shows the

distribution of diameter values in the segmented lipidic aggregates. The

mean lipidic aggregate diameter resulted to be 25.40 µm ± 18.25 µm.
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Figure 6.19: Additional coronal slices through the human liver volume (HR) ac-
quired with propagation-based imaging. In (a) and (c) blood vessels
are visible. In (b) and (d) several bile ducts are visible. The scale bar of
the slices is 500 µm, while the scale bar of the insets is 100 µm.

Figure 6.20: (a) A ROI of the segmented volume with bile ducts (yellow), vessels
(red) and lipidic aggregates (cyan). (b) An axial slice with a blood
vessel (red) and bile ducts (yellow). (c) An axial slice with some vessels
(red) and some lipidic aggregates (cyan). The scale bar of the slices is
500 µm.

MR dataset

All the reference and sample images underwent flat-field and dark-field

correction in order to obtain the 3D volumes with SBI. Each frame was also

normalized for the beam current. Any dead and bright pixels in the corrected

frames were replaced with the median values of their neighbouring pixels.

We used UMPA algorithm to process the sets of 20 sample frames captured at

identical angles but different modulator positions, along with the 20 reference
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Figure 6.21: Results of the lipidic aggregate diameter analysis. In (a) the segmented
lipidic aggregates in cyan. In (b) the contour of the lipidic aggregates
in a single axial slice, colour-coded depending on their diameter. In (c)
the distribution of diameter values in the segmented lipidic aggregates.

frames taken at corresponding modulator positions. Prior to applying UMPA,

the modulator’s drifts and instabilities were compensated for by employing

cross-correlation in an air region, where the sample is not present, to match

the reference images to the corresponding sample images, where the two

images should agree. This adjustment improved the image quality. UMPA

was then used to process the images. The transmission, dark-field, and

refraction angle signals for each projection in both the vertical and horizontal

directions were generated by this procedure. A 3000 projection example

may be seen in Fig. 6.22. Nonetheless, it is evident that noise dominates the

dark-field signal.

We analysed the projections using UMPA algorithm with an analysis window

of 5 × 5 pixels. This window allows a good balance between minimal noise

level and high spatial resolution in the images. To mitigate bias-induced

noise, the UMPA differential-phase signal was bias-corrected [DeMarco2023].

By integrating the differential-phase images in both horizontal and vertical

directions, quantitative phase images were produced (Fig. 6.22c-d). We ap-

plied a low-pass Butterworth filter as ring correction to each slice’s sinogram

prior to reconstructing the tomogram.

Tomographic reconstructions based on phase and transmission projections

were performed using the ASTRA toolbox with the FBP approach.

The phase volume shows the distribution of the refractive index decrement δ.

In Fig. 6.23 three slices of the phase volume are shown: axial, coronal, and

sagittal, respectively. The coloured lines indicate the planes where the slices

were taken.

A closer look at the tissue structure of this human liver sample is presented in

Fig. 6.24, where some additional slices through the phase volume are shown,

together with some ROIs highlighting interesting structures. In Fig. 6.24a a

bile duct can be identified, while in Fig. 6.24b-d two blood vessels are visible.

In Fig. 6.24c the lipidic aggregates are shown in the inset.
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Figure 6.22: One of the 3000 projections of the tomographic scan of a human liver in
ethanol with the MR setup, obtained with SBI using UMPA algorithm.
(a) Transmission, (b) dark-field signal and (c) the differential-phase
signal in the horizontal and (d) vertical direction reported in pixels.

Figure 6.23: Human liver volume (MR) acquired with modulation-based imaging.
(a) An axial slice of the volume, (b) a coronal slice and (c) a sagittal
slice. The scale bar of the slices is 500 µm.

In Fig. 6.25 the same slices of Fig. 6.24 are shown in the transmission volume.

By visual inspection, it is not easy to judge the advantage of the phase images

in this specific case.

The segmentation of the phase volume was done in Dragonfly ORS [Drag-

onfly2022], mainly by hand using the segmentation wizard. Three labels

were used for the segmentation: bile ducts (yellow), vessels (red) and lipidic

aggregates (cyan). In Fig. 6.26 two axial slices of the segmented volume are

presented with superimposed the segmented features.
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Figure 6.24: Additional axial slices through the human liver phase volume (MR)
acquired with modulation-based imaging. (a) A slice where a bile duct
is visible, and (b) a slice with a blood vessel and a bile duct. In (c) a
slice where the lipidic aggregates are visible. In (d) a slice where a
blood vessel and some lipidic aggregates are visible. The scale bar of
the slices is 500 µm, while the scale bar of the insets is 250 µm.

6.3.5 Conclusions

As seen in this chapter, using a combination of PBI and MBI, we were able

to perform virtual histology on hepatic tissue. Using the phase tomogram,

we were able to detect tissue structural information and do further structural

analysis on the size of various functional organ sections, such as lipidic

aggregates. This investigation allowed us to gain a better understanding of

the microvasculature and tissue architecture. As a result, we believe that this

study will aid in the understanding of critical features of microanatomy and

structural changes in hepatic tissue, as well as the diagnosis of the degree

of steatosis. In the future, it would be interesting to try again a dark-field

analysis of the sub-micrometer lipidic aggregates with a different sample and

a different resolution, trying to minimise the instabilities in the beam.
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Figure 6.25: Some slices (the same of Fig. 6.25) through the transmission volume.
The scale bar of the slices is 500 µm, while the scale bar of the insets is
250 µm.

Figure 6.26: Two axial slices with bile ducts (yellow), vessels (red) and lipidic aggre-
gates (cyan). The scale bar of the slices is 500 µm.



7 A U N I V E R S A L R E C O N ST R U C T I O N

M E T H O D F O R X- R AY S C AT T E R I N G

T E N S O R TO M O G R A P H Y B A S E D O N

WAV E F R O N T M O D U L AT I O N

This chapter discusses a reconstruction method for X-ray scattering tensor

tomography, which is applicable to data obtained using different wavefront

modulators. This chapter is a revised and expanded version of a paper

published in Physical Review Applied: "Universal reconstruction method

for x-ray scattering tensor tomography based on wavefront modulation"

by Ginevra Lautizi, Alain Studer, Marie-Christine Zdora, Fabio De Marco,

Jisoo Kim, Vittorio Di Trapani, Federica Marone, Pierre Thibault, and Marco

Stampanoni. Copyright © 2011 by American Physical Society. All rights

reserved.

7.1 introduction

The micro- and nanostructures inside a macroscopic object play a fundamen-

tal role in its characteristics and properties. For instance, the mechanical

properties of bones are closely linked to the alignment of collagen fibres at

a local level [Fratzl2008]. Likewise, the mechanical characteristics of fibre-

reinforced polymers and composites are significantly influenced by the local

orientation of synthetic fibres [Pipes1982].

Small-angle X-ray scattering (SAXS) tensor tomography can provide informa-

tion about the alignment of microstructures of non-crystalline samples on a

sub-micron length scale, often not resolvable with conventional approaches

such as micro-CT [Schaff2015; Liebi2015; Liebi2018; Gao2019; Skjonsf-

jell2016]. However, scanning SAXS requires long acquisition times due to

drastic reduction in flux to create a narrow beam that has to be scanned over

the sample at different sample angular poses. The long acquisition times of

scanning SAXS, combined with long analysis times, limit its applications, in

particular for large samples. For these reasons, the established approaches

require experimental times in the order of several hours, even for small

sample volumes.

Full-field X-ray imaging methods capable of delivering directional informa-

tion about sub-structures in a sample, such as speckle-based imaging (SBI)

and grating interferometry (GI), have been actively investigated in recent

years. Both GI and SBI techniques make use of a wavefront-marking element,

such as gratings and sandpaper respectively, to generate intensity fluctua-

65
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tions in the recorded detector image [Momose2003; Weitkamp2005]. The

local distortion of the pattern, introduced by the sample, is then analysed to

retrieve attenuation, phase contrast, and scattering (dark-field) information

[Pfeiffer2008]. SBI has become more and more common in recent years. It is

based on a similar principle as GI and it has shown similar scattering sen-

sitivities, without the need of tailored phase optical elements [Morgan2012;

Berujon2012; Zanette2015; Zdora2018; Zhou2018; Zdora2021]. Compared

to SAXS imaging, these full-field techniques allow for larger fields of view

(FOVs) to be investigated in shorter measurement times. Moreover, access to

the dark-field information is not directly limited by the beam properties, such

as size, monochromaticity and transverse coherence [Yashiro2010; Lynch2011;

Strobl2014]. Given that the directional dark-field signal provides information

on the sub-structures’ orientations in a sample, it becomes possible to detect

these structures, even when their dimensions are smaller than the image pixel

resolution, enabling a reliable reconstruction of the prevalent orientations of

microstructural features [Malecki2014; Vogel2015; Jensen2010; Kim2022b;

Smith2022].

Recently, 2D omnidirectional X-ray scattering sensitivity in a single shot has

been demonstrated using circular gratings, paving the way for time-resolved

studies [Kim2020; Kim2021; Kim2022]. These studies combine an improved

acquisition speed based on circular diffractive optics with an optimised

data acquisition protocol. A tomographic reconstruction method based on

a filtered back-projection with algebraic filters has also been introduced.

However, in the mentioned approaches, the extraction of dark-field signal

relies on a tailored circular phase-grating array that requires specialized

facilities and knowledge to be fabricated. Moreover, the use of such a grating

array does not allow for easy tuning of the X-ray energy and spatial resolution

of the scattering images. A general reconstruction method is therefore needed,

where the dark-field signal extraction is not strictly dependent on the type of

wavefront marker used.

In this chapter, we suggest a general reconstruction method that can be

applied both to GI and SBI X-ray scattering approaches to obtain tensor

tomography volumes. Unlike existing algorithms [Felsner2019; Graetz2021],

our method is based on the mathematical rotation of the scattering tensor

and can therefore be applied to different techniques. Moreover, we refor-

mulated the reconstruction problem directly and intuitively, leading to the

reconstruction of the full tensor field, not only the scattering signal along

predefined directions.
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7.2 omnidirectional dark-field signal extraction

7.2.1 Model

Our method is based on energy conservation: it assumes that the intensity

of the photon distribution not absorbed by the sample is conserved by the

scattering process. The model considers a wave field intensity distribution

generated by an ideal point source.

The scattering can be modelled, on a first approximation, as a Gaussian

probability distribution. The process underlying the X-ray dark-field image

modality is ultra-small angle X-ray scattering (USAXS), which is a coherent

process. In SAXS/USAXS theory, the scattered fields from all regions of a

given microstructure are integrated, which leads to a certain distribution of

scattered fields as a function of the scattering vector q, or equivalently, the

scattering angle θ. The squared magnitude of the field gives the scattered

intensity as a function of the scattering angle. The relationship with q or θ is

not generally a Gaussian, but often resembles one. In SAXS, if sufficiently

small q values are probed, approximating I(q) with a Gaussian, the Guinier

approximation, is often used to retrieve the radius of gyration, a measure for

the particle size. While the Guinier approximation does not accurately model

the behaviour at large scattering vectors q, using the approximation is almost

always appropriate in imaging, because the relative scattering intensities at

high scattering vectors are very small (< 1023). In an imaging geometry,

scattered and unscattered beams overlap spatially, and thus high-q scattering

is effectively invisible.

The covariance matrix of the Gaussian distribution can be interpreted as the

scattering tensor of the sample. The physical model used can be derived from

the Photon Diffusion equation [Aronson1999] combined with the Fokker-

Planck model for X-ray imaging [Paganin2019]. Therefore, if we label the

incident beam with I0 and the transmitted beam leaving the voxel with Is, for

each unit cell we can write

Is(r§) = I0(r§)e
2µ(y)∆y 7 |Σy|

2 1
2 e2

1
2r

¦
§Σ21

y r§ (7.1)

where Σy is the 2D scattering tensor (covariance matrix) of a thin slice at a

position y in the beam, if we consider that the beam propagates along the

y direction. The 2D pixel coordinates in each unit cell are indicated as r§,

where r§ represents the 2D coordinates transverse to the beam direction.

The convolution operator is indicated as 7, µ(y) is the absorption coefficient

for each unit cell at a given position y, and ∆y is the thickness of the unit

cell. The unit cell is given by the period of the pattern for the grating array

and by an arbitrary window for a non-periodic wavefront modulator, such as
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sandpaper. Performing the Fourier transform on Eq. 7.1, taking the absolute

value, and the natural logarithm, it follows that

1

2
k§Σyk§ + µ(y)∆y = 2 ln

| Îs(k§)|

| Î0(k§)|
. (7.2)

The right-hand side of Eq. 7.2 is always non-negative, hence the left-hand

side must be a positive definite bilinear form in the variable r§. For each

projection the 2D scattering tensor can be extracted in Fourier space, fitting

each arbitrarily defined analysis window with a positive definite bilinear

form, using a multislice version of Eq. 7.2.

Eq. 7.1 can be generalized to a multislice version, considering one additional

convolution per voxel:

Is(r§) = I0(r§) · e2
∫ y

0 µ(y2) dy2 · e2
1
2r

¦
§Σ21

0 r§ 7 · · · 7 e2
1
2r

¦
§Σ21

y r§ , (7.3)

yielding the magnitude of the Fourier transform

| Îs(k§)| = | Î0(k§)|e2
∫ y

0 µ(y2)dy2e2
1
2k⊥

∫ y
0 Σ(y2)dy2k⊥ . (7.4)

Since we cannot see scattering in beam direction, the full 3D Σ needs to be

corrected by a projection operator Py, PyΣ := PBΣPT
B such that

1

2
k§

∫ y

0
PyΣ(y2)dy2 k§ +

∫ y

0
µ(y2)dy2 = 2 ln

| Îs(k§)|

| Î0(k§)|
. (7.5)

The derivation of the projection operator

The projection operator Py can be derived as follows. Starting from Eq. 7.1

and considering only one scattering layer:

Iscatter = I0 73D MVG(Σ) (7.6)

where MVG stands for Multi Variate Gaussian and Iscatter(r) can be seen as

the 3D intensity distribution arriving at the detector, after having exited the

thin monolayer sample.

The intensity measured at the detector reads

Idet(x, z) =
∫

Iscatter(x, y, z)dy =
∫ ∫

I0((x, y, z)2 r2)dy MVG(r2; Σ) dr2,

(7.7)

where we have explicitly written the convolution integral. Since the support

of the blurring probability density function is much smaller than the size of

the unit cell support, we can approximate I0(x 2 x2,2y2, z 2 z2) as a constant

with respect to y2 (evaluated at zero) such that
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Idet(x, z) c
∫ ∫

I0(x 2 x2, y, z 2 z2)dy
{ ∫

MVG(r2; Σ)dy2
}

dx2dz2. (7.8)

Defining the projection operator as PyΣ := PBΣPT
B , it holds that a MVG prob-

ability density function is still a MVG, with dimension reduced accordingly:

∫

MVG(x, y, z; Σ)dy = MVG(x, z; PyΣ). (7.9)

From this we see that

Idet = I0 72D MVG(PyΣ), (7.10)

where I0(x, z) =
∫

I0(x, y, z)dy.

The derivation of the phase contrast

One could argue that the phase contrast is not taken into account in the

model. However, a potential phase shift effect would lead to a translation

of the intensity in real space, which means adding a phase to the Fourier

intensity. Since we take the magnitude of the Fourier transformed intensity

to calculate the scattering contribution, the phase shift contribution is not

present in the term | Î(k§)| of Eq. 7.5.

Since developing an alternative method to calculate the phase shift is not the

purpose of this thesis, the focus in the experimental results will be mainly on

the scattering tensor. However, the derivation of the phase contrast signal in

this new model is included here for completeness.

The phase-contrast signal can also be calculated, modifying the model in

Eq. 7.1. If the effect of the sample is modelled as I0(r§)e
2µ(y)∆yeiφ(r§), then,

in the Fresnel regime, the intensity within a unit cell is shifted by an amount

r§s proportional to 'φ. Hence, if we Taylor expand φ(r§) as

φ(r§) = φ(0) +'φ(0) · r§ + . . . , (7.11)

with 0 being the centre of the unit cell, we can think of the first order term

as the refraction term, and all other terms as the scattering contributions

summarized in Σy.

To take the differential phase-contrast (DPC) signal into account, we modify

the Fourier transform of Eq. 7.1 as follows:

Îs(k§) = Î0(k§) e2ik⊥·r§s
︸ ︷︷ ︸

DPC

e2µ(y)∆y
︸ ︷︷ ︸

absorption

e2
1
2k

¦
§Σ21

y k§
︸ ︷︷ ︸

dark field

. (7.12)

Therefore, the phase shift can be calculated as k⊥ ·r§s = phase
[
Îs(k§)/ Î0(k§)

]
.
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7.2.2 Software architecture

Input Data:

- Load "Sample" and "Reference" detector images

- Load Tensor Sinogram (HDF5 file)

|

v

Preprocessing:

- Rearrange images into blocks (blockshaped)

- Apply Fourier Transform on blocks (blockwiseFFT)

|

v

Compute Scattering Tensor:

- Least Squares Fit (blockwiseFit)

- Ensure positive-definite tensors

- Parallelize across angles

(calculateTensorSinogramPerProjectionPara)

|

v

Postprocessing:

- Eigendecompose tensors

- Extract mean scattering, fibre orientation

(FiberOrientationExtraction)

- Optionally calculate Differential Phase-Contrast (DPC)

|

v

Save Results:

- Save reconstructed tensor field as a file

The code to calculate the scattering tensor field of a sample was developed in

Python and designed in collaboration with Alain Studer from Data Processing

Development and Consulting Group, Paul Scherrer Institut. The input is a

detector image encoding the dark-field signal of the slice (the "sample" image)

and a "reference" detector image, showing the reference intensity of the unit

cells. Only 2D radiography is involved in this part of the reconstruction

process.

Firstly, the projection image is rearranged as an array of blocks. This operation

is encoded in the function blockshaped which converts the input array to

a block-wise equivalent, given the rows and the column. Each block is

defined by the chosen analysis window. The inverse function unblockshaped

converts back the block-wise array to its original form. The, we developed a

function blockwiseFFT, which returns an array of blocks which are Fourier-

transformed and centred. Only the magnitude of the signal is returned. With

these three functions, we can calculate the right-hand side of Eq. 7.2. We use

this as input to calculate Σy using a least square fit (from scipy.optimize) of

the bilinear form in k-space. So here we calculate
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Σ7
y = argmin

Σ

∥
∥
∥
∥

ln

(
| Îs(k§)|

| Î0(k§)|

)

+
1

2
ïk§, Σyk§ð+ µ(y)∆y

∥
∥
∥
∥

2

. (7.13)

In the function blockwiseFit we fit the scattering tensor from data in Fourier

space, per block, according to the model. For each block, the absorption is

calculated as the zero frequency (k = 0) term of the Fourier-transform. The

block structure is useful to loop over all the blocks and parallelize the process.

We find a Σy for each block and for each image. Σy is a 2 × 2 symmetric,

positive-definite matrix. We make sure that the non positive-definite terms

are discarded by excluding the values for which the trace or the determinant

of Σy are negative.

We call blockwiseFit in the function calculateTensorSinogramPerProjection

to calculate the tensor sinogram data for each projection, for fixed β and α

angle, and calculateTensorSinogramPerProjectionPara to run the partial

function in parallel over all the α angles.

Now that the scattering tensors are available, we can eigendecompose them

and extract the following quantities: mean scattering, and 2D preferential

fibre orientation. The mean of the eigenvalues represents the mean scattering,

while the eigenvector with the lowest eigenvalue represents the preferential

local fibre orientation, since the scattering is typically the weakest along the

fibre orientation. The scattering angle is calculated as the angle between

the two components of the smallest eigenvector and converted to degrees.

Then, the result is taken as modulo 180 to ensure the angle is within the

range [0ç, 180ç], which confines the angle to a half-circle, as the principal

axis direction is symmetrical in this context. This analysis is performed

in the function FiberOrientationExtraction, which uses np.linalg.eig

to eigendecompose the matrices. An example of the application of this

reconstruction code can be found in subsection 7.4.1.

For completeness, the extraction of the differential phase-contrast signal is

also implemented. The code to extract the DPC shifts is similar compared to

extracting the scattering tensor, except that here a linear form is fitted in k

space. So here we calculate

r7§s = argmin
r§s

∣
∣k⊥ · r§s + phase

[
Îs(k§)/ Î0(k§)

]∣
∣
2

(7.14)

Therefore, the function blockwiseFit is modified with this new model and

the function blockwiseFFT in this case return the complex Fourier transform

and not the magnitude.
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7.3 the mathematics of tensor tomography

7.3.1 Definition of Tensor Field and System Matrix

After having extracted the omnidirectional dark-field signal for each pro-

jection, we need to introduce a new mathematical model to reconstruct

the tensor tomogram. Let F be a symmetric, positive definite tensor field,

F : R
3 ³ R

3×3. For any rotation Raxis
angle * SO(3), D(Raxis

angle) maps a tensor

field F to the rotated tensor field. For positions r = (x, y, z) and for our

specific scan protocol, we can write

D(Rx
β)D(Rz

α)[F](r) = (Rx
βRz

α) · F
(
(Rx

βRz
α)

21r
)
· (Rx

βRz
α)

21. (7.15)

Having defined how a tensor field transforms, the definition of a tensor

sinogram is straightforward. The 2-axes sinogram S = A[F] is defined as

A[F](PBr, α, β) =
∫

R

PBD(Rx
β)D(Rz

α)[F](x, y, z)PBdy, (7.16)

where PB is the projection operator along the beam propagation direction.

Reconstructing the tensor tomogram means solving the linear system AX = B,

where X denotes the tensor field to be reconstructed, B is the measured

tensor sinogram and A the linear operator defined above. This linear system

can be solved with conjugate gradient method (CG) or least squares (LS).

Both the forward tensor operator A and the adjoint A7 are needed for the

reconstruction. It can be proven (7.3.2) that A7 equals

A7[S](r) =
∫ 2π

0

∫ π/2

0
(Rx

βRz
α)

21S(PBRx
βRz

αr, α, β)Rx
βRz

α

× cos βdβdα. (7.17)

With the method we present, it is possible to retrieve the tensor tomogram

also using a single tilt axis. However, having multiple tilt axes, shrinks

the nullspace of the tensor tomography forward operator, enhancing the

convergence of the reconstruction algorithm [Kim2021].

Once the scattering tensor field is reconstructed, it is then eigendecomposed.

Knowing the eigenvalues of the scattering tensor for each voxel, the following

quantities can be defined. The mean of the three eigenvalues represents

the mean scattering MS = (λ1 + λ2 + λ3)/3. The fractional anisotropy (FA)

[Basser1996], which represents the scattering anisotropy, describes how well-

aligned the fibres are in each voxel:

FA =

√

(λ1 2 λ2)2 + (λ2 2 λ3)2 + (λ3 2 λ1)2

√

2(λ2
1 + λ2

2 + λ2
3)

. (7.18)
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Areas characterized by a high volume fraction of well-aligned fibres will

exhibit a high FA. Finally, the eigenvector with the lowest eigenvalue repre-

sents the preferential local fibre orientation, since the scattering is typically

the weakest along the fibre orientation. We will therefore show the above-

mentioned quantities, as meaningful indicators accessible through tensor

tomography for assessing the level of fibre scattering, alignment, and orienta-

tion.

7.3.2 Adjoint operator

As stated in the previous subsection (7.3.1), the adjoint operator A7 : L2(R4, R
3×3) ³

L2(R3, R
3×3) equals

A7[S](r) =
∫ 2π

0

∫ π/2

0
(Rx

βRz
α)

21S(PBRx
βRz

αr, α, β)Rx
βRz

α cos βdβdα. (7.19)

It can be proved as follows. The inner product in both spaces is defined as

ïX, Yð =
∫

tr(XYT). Hence, for a sinogram S and a tensor field F, the inner

product ïS, A[F]ð equals

∫

R2

∫ 2π

0

∫ π/2

0
tr
{

S(PBr, α, β)
∫

R

[PBD(Rx
β)D(Rz

α)[F](r)PB]
Tdy

}
dβdαdzdx.

(7.20)

Using the linearity of the trace and the transformation rule for tensor fields

∫

R3

∫ 2π

0

∫ π/2

0
tr
{

S(PBr, α, β)PBRβRαFT(RT
α RT

βr)RT
α RT

β PB

}
dβdαdr. (7.21)

The trace is cyclic, such that

∫

R3

∫ 2π

0

∫ π/2

0
tr
{

RT
α RT

β PBS(PBr, α, β)PBRβRαFT(RT
α RT

βr)
}

dβdαdr, (7.22)

shifting the rotations to the sinogram and again skipping the projector, since

the sinogram is already projected.

∫

R3

∫ 2π

0

∫ π/2

0
tr
{

RT
α RT

β S(PBRβRαr, α, β)RβRαFT(r)
}

dβdαdr. (7.23)

Due to linearity of the trace, we can rearrange this as

∫

R3
tr
{( ∫ 2π

0

∫ π/2

0
RT

α RT
β S(PBRβRαr, α, β)RβRαdαdβ

)

FT(r)
}

dr. (7.24)

This must equal by definition
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ïA7[S], Fð =
∫

R3
tr
{

A7[S](r)FT(r)
}

dr, (7.25)

from which we see that

A7[S](r) =
∫ 2π

0

∫ π/2

0
(Rx

βRz
α)

21S(PBRx
βRz

αr, α, β)Rx
βRz

α dβdα. (7.26)

Instead of choosing the simple integral measure dβ, we can as well chose the

measure cos βdβ.

Indeed, for β = π/2, the sample is rotated around the beam axis, making

tomography redundant. One single α value, e.g α = 0, is sufficient to capture

all information available. This fact is covered with the cos β factor, by which

the number of α rotations can be decreased while increasing β. This completes

the proof.

7.3.3 Software architecture

The code to simulate and to reconstruct a tensor tomography scan was devel-

oped in Python and designed in collaboration with Alain Studer from Data

Processing Development and Consulting Group, Paul Scherrer Institut. The

emphasis is on a concise and straightforward software architecture. Most

of the mathematical formulae and equations that are used are derived from

basic principles, therefore no element of the code should be seen as a black

box. Furthermore, it is possible to see the reconstruction technique as an

extension of the well-known scalar iterative back projection algorithm. The

reconstruction algorithm discussed here reconstructs the full tensor field,

unlike other algorithms where a principle axes (vector-) field or "projec-

tions/extractions" that yield only a "partial" tensor field are reconstructed.

Additionally, this algorithm can be applied to any reference pattern. It is

not required to map a standard grid structure in the Talbot regime, simple

sandpaper works perfectly.

Understanding tensor tomography hinges on the accurate definition of a

symmetric, positive definite tensor field and its transformation under the

SO(3) representation, i.e., how a tensor field rotates. The next crucial aspect

is the precise definition of the measurement process (how a tensor tomogram

is defined). Lastly, for the iterative reconstruction algorithm used here

(conjugate gradient), deriving the adjoint of the system operator is necessary.

This is because the conjugate gradient method requires the system operator

to be symmetric and positive definite, which is achieved by left-multiplying

the original equation with the adjoint operator.

In order to explain how the code is structured, we will divide it in five parts:

conjugate gradient, forward and backward operators, tensor field rotation,

parallelization, and simulation.
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Conjugate gradient

The conjugate gradient (CG) based iterative reconstruction of an intrinsically

acquired tensor tomography scan is implemented in tensorTomoRecAlgorithm

CG.py, which contains the function reconstruct(tensorTomogram, maxNum

Iter). The basis for the algorithm are the forward and the backward opera-

tors relating the sample and its tomogram (simulated or measured). Note

that CG expects a symmetric positive definite system matrix, this is achieved

by left-multiplying the original equation with the adjoint operator. Usually

5 2 10 iterations are enough. The cg function from scipy.sparse.linalg

is used. A linear least squares alternative version of this function can be

found in tensorTomoRecAlgorithmLSQ.py. In tensorTomoReconstruction.py

the tensor tomogram is finally reconstructed and a sphere mask is applied.

Forward and backward operators

The Python code in twoAxesTensorFieldProjectors.py contains the oper-

ators necessary to iteratively reconstruct a tensor tomogram: the forward

projection operator A and the adjoint operator AT. The line integration

is outsourced to C code for performance reason. Shared library is loaded

at runtime via ctypes. Several functions are contained in this Python file.

The function projectTensorFieldOnPhysicalSubset(tf) takes a tensor field

(numpy array) as input and projects it onto the set of physically valid tensor

fields. The function rotateTensorFieldz(tf, alpha) rotates a tensor field

around the z-axis by an angle α, while the function rotateTensorFieldx(tf,

beta) rotates a tensor field around the x-axis by an angle β. The tensor

sinogram for a specific beta angle (Eq. 7.16) is calculated in the function

intrinsicAxesTensorForward(tf, beta, numberOfAlphaAngles) which re-

turns a sinogram as 5D numpy array with shape = (numberOfAlphas, pro-

jected xz-support, 3, 3). The tensor sinogram is then rotated in rotateTensor

Tomogramxy(beta, tt) according to the reconstruction formula in Eq. 7.17

to prepare for line integration. The line integral in α is then performed in

intrinsicAxesTensorBackward(beta,intrinsicAxesTomogram).

The function tensorFieldForwardProject(tensorField, scanprotocol) im-

plements the forward projector A, while tensorTomogramBackwardProject(sino

gram) implements the adjoint operator AT by calculating the β integral in

Eq. 7.16 since the α integral was already calculated before. The integration

over β is an outermost for loop in C code.

Tensor field rotation

The Python code in singleAxisTensorFieldRotation.py is useful to rotate

a tensor field around a single Cartesian coordinate axis. This is the ba-

sis for implementing the forward operator and uses scipy.ndimage func-

tion rotate. Two functions are contained in this Python file. The function

rotationMatrix(eta, theta) creates a rotation matrix defined by the Carte-



7.3 the mathematics of tensor tomography 76

sian axis η and the rotation angle θ, while the function rotateTensorField(tf,

eta, theta) rotates a tensor field around the coordinate axis η and angle θ.

It takes as input the tensor field tf as 5D numpy array, the Cartesian axis η

and the rotation angle θ. The tensor field is computationally rotated in two

steps: firstly, all the components of the field are transformed as if scalar fields

via the SciPy rotate function, and then the components are rotated (each

matrix is transformed as if in a basis change).

Parallelization

The forward operator is parallelized in a multiprocessing way (using Python’s

multiprocessing module), whereas the backward operator is parallelized in

a multithreaded way (via OpenMP). This different parallelization was chosen

according to the way the two operators are implemented. The function

tensorFieldForwardProjectParallel(tensorField, scanprotocol) is the

equivalent of tensorFieldForwardProject(tensorField, scanprotocol),

but it runs in parallel over β. One β value is calculated locally, the remaining

β angles are sent to the servers in network terms. Connections have been

established in the CG part of code.

The forward operator’s parallelization is realised in two different versions:

The twoAxesTensorFieldForwardProjectorPara.py code is based on the

multiprocessing package and runs fine for moderately large datasets, while

the code in file twoAxesTensorFieldForwardProjectorParaSHM.py uses the

concurrent.futures.process package to start a pool of workers and addi-

tionally shares the tensor tomogram memory between the different processes.

The choice depends on the size of the datasets. For larger input datasets

(tensor field support of size j 300 pixels), the multiprocessing module fails

to allocate the memory and processes stall.

Single-node parallelization of the forward operator is based on the fact that,

for a fixed β angle, the for loop on the α angles can be easily parallelized.

Indeed, we can independently calculate different α values in a β sinogram.

Therefore, the α angular range is divided equally and assigned to different

processes, with each process computing its share of the result.

For memory-intensive arguments (like the tensor field), having all the ar-

guments serialized by the "master" process and then sent to the "worker"

processes to be deserialized and loaded into memory leads to a CPU burden

and a high memory usage. Indeed, in this way, each process holds its own

copy of the input tensor field. This problem was mitigated by defining the

input array as global. In this way, each process has its own virtual address

space, avoiding physical memory copying unless necessary, thereby allowing

processes to share the globally-defined input variables implicitly. Similarly,

the output array was defined as a shared-memory array, allowing each pro-

cess to write directly to it, thus avoiding serialization and some memory

duplication. Additionally, the concurrent.futures.process package pro-

vides better exception handling for high memory consumption compared to

the multiprocessing package.
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Simulation

Several tensor fields have been simulated to test the reconstruction code before

acquiring experimental datasets. In tensorFieldExample.py we simulated

some examples of specific tensor fields to test reconstruction quality. The func-

tion initTensorfield creates an example tensor field. There are two possible

examples: letters elongated along the third dimension, and different oscillat-

ing functions for each component. The output is a tensor field as 5D numpy

array. In initUnityTensorField a unity tensor field (identity matrix for all

coordinates) is initialized, while in init2LayersTensorField a two-layer ten-

sor field is initialized, and analogously in init3LayersTensorField for a

three-layer tensor field. A more complicated use case is implemented in the

initKJTensorField function, where the sample described in Ref. [Kim2020]

(Fig. 2a) is simulated. In this case, in the first (lower half plane) and last layer

(right half plane), the scattering tensor has the smallest eigenvector along the

z-axis, the middle layer is empty, and in the orthogonal layer the scattering

tensor has the smallest eigenvector along the y-axis and along the x-axis. In

tensorTomoSimulation.py a tensor tomography scan is simulated and the

subsequent reconstruction of the simulated data is performed.

The following chain is therefore simulated: tensor field ³ tensor tomogram

³ raw dataset (sample projections and reference projections) ³ Reconstruc-

tion (tensor field) ³ eigendecomposition. simulateProjections.py is the

Python script to simulate raw data as obtained at the beamline. It trans-

forms a tensor field into a corresponding simulated raw dataset, creating

a hdf5 file containing data plus metadata. The class SimulateProjections

contains a initHDF5file function to define the datasets that are later filled

with simulated values, a calculateTensorTomogram function which calcu-

lates the tensor tomogram from the simulated tensor field. The simulated

projections are derived from the tensor tomogram by reverting the algorithm

which extracts a integrated/projected 2D tensor from a unit cell. The func-

tion calculateFlat is used to calculate the reference image by repeating

the unit cell data several times, while calculateSandPaperFlat calculates

the reference image as random intensities that follow a Poisson distribu-

tion. Then, transformTensorTomogramSlice2Projection is used to calculate

a projection image from a fixed (β, α) tensor tomogram slice, and finally

calculateProjections calculates the full simulated scan data for all angles.

7.3.4 Unit tests

In this subsection, we consider two specific cases (i.e., no β or no α rotations)

as unit tests for the reconstruction of the tensor tomogram.
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No β rotation

We restrict ourselves to the special case Rx = 1, so no β rotation (no tilt).

Let F(r) = diag
(
λ1(r), λ1(r), λ2(r)

)
label the tensor fields that form the

centre of the subgroup SO(2), i.e. [F(r), Rz
α] = 0 " Rz

α * SO(3) and for all

eigenvalue fields λ1(r), λ2(r). For these tensor fields, the tensor sinogram

in Eq. 7.16 becomes diag
(
R[λ1](x, z, α),R[λ2](x, z, α)

)
where R is the stan-

dard scalar Radon transform. If we skip the projector PB in the tomogram

definition (which is only possible for a simulation), the tomogram becomes

diag
(
R[λ1],R[λ1],R[λ2]

)
, such that the adjoint tensor operator in Eq. 7.17

equals a component-wise scalar adjoint, like for the tensor forward operator.

Hence

A7A[F](r) = diag
(
RTR[λ1](r),R

TR[λ1](r),R
TR[λ2](r)

)
(7.27)

Thus, we can compare the scalar unfiltered backprojection of the diagonal

components of the tensor sinogram for any specific slice z with the left side

of Eq. 7.27. This unit test was run successfully.

No α rotation

For the scan protocol β = 90; α = 0, the summation in the adjoint operator

in Eq. 7.17 collapses to a single value, such that for the according tensor

sinogram S90,0

A7[S90,0](r) = (Rx
90)

21S90,0(PBRx
90r, 0, 90)Rx

90 (7.28)

The function argument PBRx
90r equals (y, x), hence for the tensor sinogram

of the form

S90,0(x, 0, z, 90) =

û

ý

t11 0 t

0 0 0

t 0 t33

þ

ø (z, x) (7.29)

the rotated tensor sinogram is

A7[T90,0](x, y, z) =

û

ý

0 0 0

0 t33 t

0 t t11

þ

ø (y, x) (7.30)

So if we select an arbitrary z in the adjoint and flip coordinates (x ´ y), the

(11) element in the adjoint matrix field will equal the (11) component in the

tensor tomogram. Analogous for (00) and (22) component and (12) and (23)

component. This equality is implemented as a unit test.

Both unit tests verify the correctness of the system operator and its adjoint.



7.3 the mathematics of tensor tomography 79

7.3.5 Null space analytical analysis

In order to analyse to which extent the tensor forward operator A can be

inverted, it is useful to determine the null space of the mapping. The size of

the nullspace serves as a measure of non-invertibility or ill-posedness of the

problem. For an iterative reconstruction algorithm, the back projection step

might explore the nullspace of the operator extensively, maybe decreasing the

quality of reconstruction without increasing the error measure. This makes it

hard to find the halting point of the algorithm. In this subsection, we discuss

the null space analytically and for the special case Rx = 1. For a numerical

analysis of the null-space, see Ref. [Kim2021].

To calculate the null space, it is important to first define the domain of

the mapping. Every scattering field can be mathematically described as a

positive definite self-adjoint matrix field F. Decomposing F into its singular

value fields F = ∑i λivi ¹ vi, λi > 0, it follows that A[F] = 0 ó F = 0.

Unfortunately, the null-set being zero does not mean that the mapping is

one-to-one, since the set of positive definite symmetric fields S is not a vector

space. Indeed, S is closed under addition but not under scalar multiplication.

Hence, the proof for ker(A) = 0 ó A injective does not hold: s1 and s2 may

have the same tomogram if s1 2 s2 * Ker(A).

Nevertheless, if the reconstruction algorithm going back and forth between

sample space and measurements space is defined on the full vector space

domain, the deviation Fµ from the true solution F7 can be arbitrarily large

as long as A[Fµ] = 0 and hence A[F7 + Fµ] = A[F7] is compatible with the

measurements.

Analytical results for the special case Rx = 1

Here, we characterize the vectors in the null space for the special case of no

tilt angle (no β rotations): Rx = 1. Since the zz component of the tensor field

transforms as a scalar field and the scalar Radon transform is injective, it must

equal zero for A[F] = 0. The (zx, xy) component of the tensor transforms

as a 2D vector field, hence the null-space consists of either curl-free or

divergence-free fields (here curl-free). This can be proven doing a Helmholtz

decomposition of the vector field. For a vector field, '× v = 2∂yvx + ∂xvy

such that '×'φ = 0 and ' · '× A = 0, as expected.

For the remaining 2D matrix field (embedded in the 3 × 3 matrix field), we

set F =

û

ý

0 vzx vzy

vzx d1 t

vzy t d2

þ

ø

such that the transformed xx component becomes D(Rz
α)[F]xx = d1 sin2 α +

d2 cos2 α 2 2t sin α cos α. We set d1 = d2 = d such that d 2 2t sin α cos α is sup-

posed to be zero. The scalar Radon transform of the equation is then R[d] =

2R[t] sin α cos α or, inverting the Radon transform d = R21
[
R[t] sin α cos α

]
.

The term t can in principle be an arbitrary scalar field, except that we must
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make sure that R[t](y, α) · sin α cos α is a proper sinogram. As mentioned, for

the vector-like components, it must hold

'xy ×
(
vzx(r), vzy(r)

)
= 0 "z in r = (x, y, z).

7.3.6 Simulation results

Two simulations will be shown, which were realised following the protocol

described in 7.3.3 with a cube size of 40 pixels, 40 α angles over 360ç and 5 β

angles, with β * [0ç, 40ç] with an angular step of 10ç.

The first simulated sample consists of three layers of parallel rods perfectly

aligned in a staple of planes and orthogonal to the rotation axis. Three

axial slices through the simulated tensor field and the reconstructed tensor

field, respectively. The results are displayed in Fig. 7.1. The colour is an

RGB representation of the local structure orientation. The colour ball is

symmetric with respect to the x 2 y, x 2 z, and y 2 z planes. In this case, the

reconstructed tensor field perfectly reproduce what simulated in the original

tensor field.

X

Z

Y

Figure 7.1: Three axial slices through the simulated tensor field (top) and the recon-
structed tensor field (bottom) of a simulated sample made of three layers
of parallel rods perfectly aligned in a staple of planes and orthogonal
to the rotation axis. The colour is an RGB representation of the local
structure orientation. The colour ball is symmetric with respect to the
x 2 y, x 2 z, and y 2 z planes.

The second simulated sample is like the validation sample described in

Ref. [Kim2020], and it consists of three main orientation: a top layer with

two bundles, one here all the parallel fibres aligned along the x-axis, and a

smaller one with all the parallel fibres aligned along the z-axis. In the middle

layer, the small bundle with the z-axis orientation continues, to finish in the

bottom layer, where another bundle, with fibres aligned along the y-axis is

present. In Fig. 7.2 three axial slices through the simulated tensor field and

the reconstructed tensor field, respectively.

In the case of mixed orientations within planes, ghost reconstructions and

missing data occur, but reconstructed values are mostly correct. These
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Y

Figure 7.2: Three axial slices through the simulated tensor field (top) and the recon-
structed tensor field (bottom) of a simulated sample that reproduces the
validation sample described in Ref. [Kim2020]. The colour is an RGB
representation of the local structure orientation.

inaccuracies are localized outside the sample volume and at the edges, so

they can be masked post-processing with an attenuation mask.

7.4 experimental demonstration

We validated the method for use with full-field imaging methods utilizing

three different wavefront markers: a circular phase-grating array, a fractal

wavefront modulator [Shi2022], and a sandpaper diffuser. The projection

images with both the gratings and the fractal pattern were acquired at the

TOMCAT beamline (Swiss Light Source, Paul Scherrer Institut) following

the stair-wise acquisition protocol described in [Kim2020; Kim2021], using

a monochromatic X-ray beam of 17 keV. For each tilt angle β, we acquired

1000 projections with a continuous rotation of the sample over α * [0ç, 360ç],

while β * [0ç, 24ç] with an angular step of 2ç (Fig. 7.3).

We fabricated two test samples, shown in Fig. 7.4. The samples have a size of

4 × 4 × 4 mm3, and are composed of two superimposed PMMA blocks with

cavities, which contain bundled carbon fibres with a diameter of 12 µm, with

different orientations, as visible in Fig. 7.4.

7.4.1 Omnidirectional dark-field signal extraction

Circular gratings array

The first scan was carried out using a π-shifting circular gratings array [Ka-

gias2016; Kagias2019] with a unit cell period P = 49.5 µm and a fine grating

period g = 1.46 µm. We used the CMOS-based GigaFRoST [Mokso2017]
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Figure 7.3: (a) Experimental setup outline viewed from the side and (b) from the
side
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Figure 7.4: A schematic illustration of two artificial validation samples (sample 1 in
(a) and sample 2 in (b)), where carbon fibre bundles lie in a PMMA box.
The arrows represent the main directions of the fibres in the bundles.

detector coupled with a high-numerical-aperture tandem 1:1 microscope

optic, leading to an effective pixel size of 11 µm. The detector was placed at a

distance of 49.5 cm downstream of the grating array, while the grating-sample

distance was 46.3 cm. The exposure time for each projection was 12 ms and

the FOV was 460 × 1008 pixels. The unit cell for the analysis, i.e. the image

spatial resolution, corresponds to a square whose size is the diameter of a sin-

gle circular grating: 9 pixels or 99 µm. The computation time per projection

was 20 s.

A raw transmission image of the validation sample 1, obtained with a single

shot, is shown in Fig. 7.5a. In the image, the circular fringes of the gratings

are visible, and their blurring due to strong scattering from the sample can

be observed. The extracted absorption image is shown in Fig. 7.5b, while the

mean scattering (Fig. 7.5c) is calculated starting from Eq. 7.2, as the mean of

the eigenvalues of the scattering tensor. The main orientation (Fig. 7.5d) is the

HSV representation of the 2D eigenvectors with the shortest lengths, where

the hue (colour shade) is the fibre orientation projected onto the detector

plane, the saturation is the fractional anisotropy, and the value (brightness) is

the mean scattering intensity. The main orientation of the fibres in the bottom
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Figure 7.5: (a) Raw transmission image of the validation sample 1 with a grating
array at α = 0ç, β = 0ç. (b) Extracted absorption image, (c) mean
scattering in arbitrary units and (d) main orientation signals. Each pixel
corresponds to one unit cell. 0ç (red) corresponds to the horizontal
direction (x) in (a).

part of sample 1 is clearly recognizable. In the top part of sample 1, the fibres

are mainly oriented perpendicularly to the plan of the image, with some

bundles escaping upwards at the borders. This information is reproduced

by a high mean scattering (Fig. 7.5c and high brightness in Fig. 7.5d), but

low fractional anisotropy indicated by the low saturation in Fig. 7.5d (colour

tending to white).

In Fig. 7.6 the same analysis has been performed on sample 2. For this

sample, two field of views have been stitched to include the full sample in

all the projections. Even though it is difficult to judge in a single projection

the effective fibre orientations, hence the need for tensor tomography, we can

clearly recognize where the lower bundle turns to make the U-shape visible

in Fig. 7.6d.

Fractal pattern array

The second scan was performed using an in-house fabricated fractal pattern

array, featuring structures with different shape and size, which allows tuning

of the analysis window (i.e., the image spatial resolution) to focus on a desired

feature size. The fractal pattern array can be used as an alternative wavefront

modulator. For this scan, images were collected using a PCO.edge 5.5 sCMOS
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Figure 7.6: (a) Raw transmission image of the validation sample 2 with fractal array
at α = 0ç, β = 0ç. (b) Extracted absorption image, (c) mean scattering in
arbitrary units and (d) main orientation signals.

camera, coupled with a 1:1 microscope optic, giving an effective pixel size of

6.5 µm. The exposure time for each projection was 100 ms and the FOV was

802 × 2560 pixels. In this case, the analysis window corresponds to a square

whose size is 24 pixels or 156 µm. The computation time per projection was

20 s. The results in Fig. 7.7 demonstrate that, despite the lower visibility of

the pattern compared to the grating scan, the proposed method allows for

the extraction of both scattering and main orientation signals also for this

kind of reference pattern. Fig. 7.8 is the result of the Fourier-space analysis

on sample 2, obtained extracting the 2D scattering signal of two FOVs then

stitched in a single image.

Random diffuser

Moving to a setup even easier to implement, sandpaper has proven to be

an effective wavefront-marker for dark-field signal extraction. SBI images

using three layers of P320 sandpaper as a wavefront marker were acquired at

the SYRMEP beamline (Elettra Sincrotrone Trieste). For this application, the

test sample was made of two sheets of unidirectional carbon fibres (10 µm

diameter), glued together to form an angle of 90ç. We used a filtered white

beam with a mean energy of the detected photon beam of 37.6 keV. SBI

scans were performed using the diffuser-stepping method, where the diffuser

is laterally translated (20 different positions), while the sample remains
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Figure 7.7: (a) Raw transmission image of the validation sample 1 with fractal array
at α = 0ç, β = 0ç. (b) Extracted absorption image, (c) mean scattering in
arbitrary units and (d) main orientation signals.
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Figure 7.8: (a) Raw transmission image of the validation sample 2 with fractal array
at α = 0ç, β = 0ç. (b) Extracted absorption image, (c) mean scattering in
arbitrary units and (d) main orientation signals.
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stationary, to achieve a higher spatial resolution [DeMarco2023]. Images were

acquired with a water-cooled sCMOS camera (Orca Flash 4.0, Hamamatsu)

coupled with an X-ray microscope (Optique Peter). The optics were adjusted

to have an effective pixel size of 3.82 µm. The detector was placed at a

distance of 52 cm from the diffuser, while the diffuser-sample distance was

92.5 cm. The exposure time for each projection was 75 ms and the FOV was

1452 × 2048 pixels. The computation time per projection was 50 s.

Since the pattern created by the sandpaper is random, there is no periodic unit

cells as for gratings, hence the analysis window can be of arbitrary size. We

chose a square analysis window with size 6 pixels or 22.8 µm. This window

is a good compromise between a high spatial resolution and a low noise level

in the images. The computation time also plays a role in the decision of a

proper analysis window. The optimal analysis window is chosen empirically,

with the only limit that the size of the widow should be bigger than the

speckle size. In the case of this validation sample, choosing a bigger analysis

window will not affect the reconstructed orientations, but the final spatial

resolution will be lower.

The results in Fig. 7.9d show that the main orientation signal matches with

the expected orientation of the fibres (blue along the y-axis and purple at 45ç),

thus demonstrating the effectiveness of the proposed method for random

reference patterns as well.
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Figure 7.9: (a) Raw transmission image of a carbon fibre cross with speckles. (b)
Extracted absorption image and (c) mean scattering signals. (d) Main
orientation signals in green and red, contrast has been enhanced for
visualisation purposes.
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7.4.2 Tensor tomography reconstruction

Once the omnidirectional dark-field signal is extracted and Eq. 7.17 is known,

it is sufficient to solve the linear system with CG. We validated our tensor to-

mography reconstruction for the circular gratings dataset, in order to compare

our results with a previously established method validated only for circular

gratings. However, the same analysis can be applied to datasets obtained

with the other wavefront markers. The tomographic slices of sample 1 are

shown in Fig. 7.10. Before reconstruction, all projections were aligned using a

customized version of the alignment algorithm described in [Liebi2015]. Two

axial slices are shown: one through the upper part of the validation sample,

and one through the lower part. From the MS images, it can be seen that

in each bundle, there exist clusters with varying local fibre densities rather

than a consistent distribution of fibres. The fibre orientation signal images

(Figs. 7.10c, 7.10f) show colour as an RGB representation of the local structure

orientation. The reconstructed main orientations agree with the orientations

of the fibres. However, within each bundle, there are local clusters with

orientations that slightly deviate from the main fibre direction. This effect

is caused by the fibres placed at the edges, that are bending along the wall,

as verified by visual inspection and also by micro-CT measurements of the

validation samples.

The same analysis has been performed on sample 2 (Fig. 7.11). The re-

constructed main orientations line up with the expected fibre orientations.

However, there are local clusters with orientations that stray from the main

fibre direction owing to fibres placed at the edges, that are bending along the

walls.

We applied our method also to the sample described in [Kim2020]. The

only difference with the sample we already described is the orientation of

the fibres, which in this case are placed along the three main axes. The

fibre orientation signals are shown in Figs. 7.12c, 7.12f. Also in this case,

the reconstructed main orientations agree with the orientations of the fibres.

Local clusters of different orientations are also visible for this sample, as

a result of fibres bending along the wall. The reconstructed orientations

are comparable with those obtained with the previous method restricted to

gratings [Kim2020].

A 3D visualisation of the scattering tensor reconstruction of the validation

samples is shown in Fig. 7.13. In this visualisation, each arrow’s direction

and colour represent the main orientation within its respective voxel. We

have therefore validated that our method accurately reproduces structure ori-

entations also in tomographic volumes and that the results, in the case of the

circular grating array, are comparable with other reconstruction algorithms.
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Figure 7.10: Axial slices through the upper (a-c) and the lower part (d-f) of the
validation sample 1. (a,d) Mean scattering in arbitrary units and (b,e)
scattering anisotropy signals in arbitrary units are shown. (c,f) Fibre
orientation signals, where the colour is an RGB representation of the
local structure orientation. The colour ball is symmetric with respect to
the x 2 y, x 2 z, and y 2 z planes.

7.5 conclusions

In conclusion, this study introduces a general algorithm applicable to a wide

range of X-ray imaging approaches that have access to the scattering signal,

without the need for additional regularization. We have demonstrated its

effectiveness for three different full-field dark-field imaging setups (grat-

ings, fractal, and speckle). Then, we validated the results obtained with GI,

comparing them with previous findings. The algorithm has enabled us to

pave the way for tensor tomography using SBI, as well as using a fractal
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Figure 7.11: Axial slices through the upper (a) and the lower part (d) of the valida-
tion sample 2. Both figures show fibre orientation signals, where the
colour is an RGB representation of the local structure orientation.

wavefront modulator. Our method allows for full reconstruction of tensor

tomograms, with a simpler setup and simpler optics. Therefore, it has the

potential to transition to laboratory setups, extending its reach to a wider

user community. The main difference with previous works is the fact that

we present a full-field method that can be applied to different wavefront

modulators, also non-periodic. The scattering signal extraction and the tensor

tomographic reconstruction are independent of the experimental geometry

used in previous works. Moreover, we reconstruct the full tensor field, not

only the scattering signal along predefined directions. Several disciplines can

profit from this work, to mention only a few: medical physics to study the

microstructural architectures of bones, and material physics to characterize

fibre-reinforced materials.
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Figure 7.12: Axial slices through the upper (a-c) and the lower part (d-f) of the
validation sample described in [Kim2020]. (a,d) Mean scattering in
arbitrary units and (b,e) scattering anisotropy signals in arbitrary units
are shown. (c,f) Fibre orientation signals, where the colour is an RGB
representation of the local structure orientation.
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Figure 7.13: 3D visualisation of the reconstructed scattering tensor of (a) the vali-
dation sample described in [Kim2020] and (b) validation sample 1. In
this representation, each arrow’s orientation corresponds to the main
direction in each voxel.



8 A R O B U ST DA R K- F I E L D S I G N A L

E X T R A C T I O N F O R

M O D U L AT I O N - B A S E D X- R AY T E N S O R

TO M O G R A P H Y

In this chapter, we present a method for the extraction of the directional dark-

field signal tailored for data acquired with random diffusers that allowed us

to perform the first reconstruction of speckle-based tensor tomography. We

validate the effectiveness of the method for several carbon fibre composites,

highlighting its potential for industrial applications. This chapter is a revised

and expanded version of a paper accepted for publication on Applied Physics

Letters: "Robust dark-field signal extraction for modulation-based X-ray

tensor tomography" by Ginevra Lautizi, Vittorio Di Trapani, Alain Studer,

Marie-Christine Zdora, Fabio De Marco, Jisoo Kim, Federica Marone, Marco

Stampanoni and Pierre Thibault.

8.1 introduction

Modulation-based imaging (MBI) exploits heterogeneous illumination pat-

terns to locally encode the X-ray interaction with a sample. While a uniform

illumination can normally reveal only the attenuating properties of the sam-

ple, a non-uniform X-ray illumination can be used to encode the otherwise

invisible X-ray refraction and ultra-small-angle scattering effects in the sample

[Pfeiffer2008; Olivo2021]. This concept is most commonly implemented with

regular grid patterns, such as in (Talbot-)Lau interferometers [David2002;

Momose2003]. Encoding and decoding of these signals can also be achieved

with other types of illumination profile. In particular, speckle-based imaging

(SBI) uses a diffuser, for instance one or more layers of sandpaper, to allow for

extraction of the three complementary image signals: attenuation, refraction,

and small-angle scattering, also known as dark-field signal [Morgan2012;

Berujon2012; Zanette2015; Zdora2018; Zhou2018; Zdora2021; DeMarco2023].

The X-ray dark-field signal is a manifestation of the small-angle scattering

properties of a sample, which are caused by inhomogeneities in the local

electron density at a scale smaller than the imaging system’s resolution

[Pfeiffer2008]. Samples with strongly oriented microstructural features often

exhibit an anisotropic X-ray scattering profile. In these cases, the directionality

of the scattering can also be extracted to reveal information about their orien-

tation, e.g., of fibres in a composite material. This directional information is

conventionally measured in small-angle X-ray scattering (SAXS) tomography

92
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experiments [Schaff2015; Liebi2015], and maps can be obtained by scanning

a pencil beam on the sample [Jensen2010]. It is now known that MBI methods

can also provide directional information through a careful analysis of the

pattern distortions [Wang2015; Kagias2016; Pavlov2021; Smith2022].

When measured for various orientations of the sample, two-dimensional

directional scattering signals can be combined to tomographically reconstruct

the local scattering tensor of the sample using X-ray tensor tomography

(XTT) [Malecki2014; Vogel2015; Schaff2015; Sharma2016; Sharma2017; Fel-

sner2019; Kim2020]. Compared to traditional X-ray microtomography, XTT

enables the study of the microstructural organization in significantly larger

volumes without the need for high spatial resolution of the imaging system

[Kagias2019; Kim2021; Kim2022]. As a new microtomography modality, XTT

has great potential for applications in different areas of research, such as the

detection of wrinkling and fibre-waviness within fibre-reinforced polymers

(FRPs) and the investigation of fibrous tissues in biological samples.

The fast full-field modality of MBI methods makes it an excellent contender

for XTT applications [Lautizi2024; Kim2021]. While directional dark-field

extraction methods have been developed for SBI, they tend to be slow

[Smith2022] or otherwise lack robustness [Wang2015; Pavlov2021].

In this chapter, we present a robust method for the extraction of the direc-

tional dark-field signal from data acquired with random diffusers. For a

random diffuser, the signal extraction method described in Ref. [Lautizi2024]

struggles when calculating the 2D scattering tensor in some regions for

numerical instabilities caused by abrupt local variations in intensity. The

main difference of our omnidirectional dark-field signal extraction method

compared to earlier studies lies in the robustness and the versatility of

our full-field method, which is applicable to various wavefront modulators,

including non-periodic ones. We apply this approach to experimental mea-

surements and demonstrate the first reconstruction of X-ray speckle-based

tensor tomography.

8.2 model

A full MBI-XTT dataset is made of multiple image acquisitions that encode

complementary scattering information through diverse sample positioning.

A schematic of our experiment is shown in Fig. 8.1.

Unlike conventional tomography, the dataset must contain multiple full

tomographic scans (where the angle α is sampled over the full 360ç range)

taken at different tilts of the axis of rotation β. For each pair (α, β), multiple

lateral displacements of the sample with respect to the patterned illumination

are recorded, as is normally done with MBI methods.

The results presented in this letter were obtained from an experiment con-

ducted at the SYRMEP beamline (Elettra Sincrotrone Trieste) using a filtered
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Figure 8.1: Schematic overview of the experimental setup. The X-ray beam is modu-
lated by a diffuser mounted on a scanning stage upstream of the robotic
arm, used as the sample manipulator. The detector system consists of a
sCMOS camera with an X-ray microscope.

white beam with a mean energy of 37.6 keV. Using a filtered white beam,

instead of a monochromatic beam, supports a successful translation to a

laboratory-based setup.

To get lateral diversity, we employed the diffuser-stepping approach of SBI,

which involves translating the diffuser to 20 different transverse positions

while keeping the sample fixed [DeMarco2023]. The detector was a water-

cooled sCMOS camera (Orca Flash 4.0, Hamamatsu) coupled with an X-ray

microscope (Optique Peter), with an effective pixel size of 3.82 µm. The

illuminated region of the sensor was 1452 × 2048 pixels, resulting in a field

of view of 5.5 × 7.8 mm2. We used three layers of P320 sandpaper as diffuser,

having a speckle size of 6.3 pixels. In our experiment, the sample-detector

distance was 52 cm, while the diffuser-sample distance was 92.5 cm. The

exposure time for each projection was 75 ms. The sample manipulator was

a Meca500 robotic arm (Mecademic Robotics, Montreal, Canada) with a

repeatability of 5 µm and six degrees of freedom [DiTrapani2024].

Extraction of the directional scattering information is done on pairs of images

(with sample / without sample). The analysis is performed over a local

window, which is translated to cover all the image. For each local window,

the scattering signal can be modelled, in first approximation, as an anisotropic
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Gaussian function. Therefore, for a single projection at a j-th diffuser position

and for each local window, we can model the sample intensity pattern as

I
j
s(k) = e2 f (k) I

j
0(k), (8.1)

where k is the Fourier transformed of the 2D pixel coordinates in each local

window. I
j
s(k) is the magnitude of the Fourier transform of the intensities

with both the diffuser and the sample in the beam at the j-th diffuser position

(sample image), and I
j
0(k) the magnitude of the Fourier transform of the

intensities with only the diffuser in the beam at the j-th diffuser position

(reference image). f (k) is a positive definite quadratic form that models the

local attenuation and Gaussian scattering function f (k) = µ + 1
2 (ak2

x + bk2
y +

ckxky).

With diverse speckle measurements, the trivial approach using f (k) =

2 ln(Is/I0) is numerically unstable, assuming that the main source of in-

stability is noise in the images. It is therefore necessary to combine informa-

tion from all the measured frames obtained for multiple diffuser positions.

Given I
j
s(k) and I

j
0(k), f can be found by solving the following non-linear

least-squares problem:

L = ∑
j,k

w
j
k|I

j
s(k)2 e2 f (k) I

j
0(k)|

2 (8.2)

The statistical weights w
j
k can be used to account for known uncertainties.

Since I
j
s and I

j
0 are discrete Fourier transforms of input data windows, these

weights could be set proportional to the detector’s modulation transfer func-

tion, if it is known.

Close to the optimal f , L can be linearized as follows. Let I
j
s = eu

j
s and

I
j
0 = eu

j
0 . It follows that

I
j
s(k)2 e2 f (k) I

j
0(k) = eu

j
s 2 eu

j
02 f = eu

j
s(1 2 eu

j
02u

j
s2 f ). (8.3)

Close to the solution, u
j
0 2 u

j
s 2 f is expected to be small, so the exponential

can be approximated to the first term of the Taylor series. We can rewrite L

as

L = ∑
j,k

w
j
k
|eu

j
s |2|u

j
0 2 u

j
s 2 f |2. (8.4)

Labelling w
j
k
|I

j
s(k)|

2 with Wk, it follows that

L = ∑
j,k

W
j
k
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. (8.5)

This is now a weighted linear least-squares problem of the form L = |Ax2 b|2,

which can be solved readily using existing routines. It is worth noting

that if I
j
s(k) is close to 0, the numerical stability is assured by the weight

Wk ∝ |I
j
s(k)|

2.
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We obtain the 2D scattering tensor for each local window from (8.5). The 2D

scattering tensor can then be eigendecomposed to obtain eigenvalues and

eigenvectors. The mean of the eigenvalues represents the mean scattering

signal, the fractional anisotropy [Basser1996] describes how well-aligned

the fibres are in each voxel, and the eigenvector with the shortest length is

associated with the preferential local fibre orientation.

8.3 software architecture

The layout of the data acquired for this analysis is not optimal for our data

analysis algorithm. Therefore, we had to rearrange the layout by manipulating

memory. This is done with memory mapping (mmap) of all the files without

consuming system memory. Indeed, the files are only virtually open because

they are memory mapped. Regions of files are therefore accessed as needed,

and the main overhead is the I/O time of the disk.

The original layout can be summarised as follows. The acquired data is saved

in four .his files for each tilt angle and for each diffuser step, containing

the dark images, the flat images, and the reference images. Moreover, each

sample image file contains all the projections.

To access the images in a memory efficient way, we memory mapped all the

files. We used the concept of "lazy computation" to open all the files at once,

and treated the content like it is in the system memory, even if it is not. It

is also possible to easily select a region of interest or a subset of projections,

and work only with it.

Then, we use a class called DataCollection that represents a data collection

(dark, flat, reference, sample images) for all the diffuser steps, but for a single

tilt angle.

The images are normalised for flat and dark in the class DataReduction

allowing also the optimisation of the diffuser positions, correcting eventual

motor instabilities.

In the class DataExtraction we calculate the transmission for each projection

using UMPA and we divide the sample image by this transmission in order

to have an image where only the small-angle scattering signal is present.

The analysis code proceeds similarly to what was described in subsection

7.2.2. The main difference is that here we have different diffuser positions.

In this case, the fit is calculated for each pair of sample-reference images

and the weighted least-squares fit is implemented using the lstsq function

of numpy.linalg on the model described in Eq. 8.5, where the weights are

calculated as |I
j
s(k)|

2. This approach assures the numerical stability.

The algorithm was parallelized also for tilt angles, having a worker for each

tilt angle. In addition, each tilt angle is processed with an async Python
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function. The log output of the code is created using structlog for the sake

of clarity.

8.4 experimental demonstration

To validate the method, we acquired SBI projections of four different samples

fabricated with carbon fibre materials. In all cases, we used an analysis

window of 6 × 6 pixels. The computation time per projection was 50 s.

The first test sample was made of two sheets of unidirectional carbon fibres,

with a mean diameter between 5 µm and 10 µm, glued together at an angle

of 90ç. This sample was already analysed with our previous reconstruction

method [Lautizi2024]. The result of the 2D scattering analysis is shown in

Fig. 8.2. Figure 8.2a shows one of the 20 frames that form the complete

dataset. The strong scattering in the sample leads to locally blurred areas.

The extracted absorption and scattering strength are displayed in 8.2b–c. In

the latter, we see that beyond the strong scattering by the sharp edges, a clear

scattering signal is also recorded within the sample itself. These two images

correspond to the conventional, non-directional analysis generally done with

SBI. Fig. 8.2d shows the full scattering tensor parameters using an HSV colour

map. The hue represents the 2D fibre orientation calculated using the 2D

eigenvectors with the shortest lengths, the saturation illustrates the fractional

anisotropy, and the value is the mean scattering intensity. Comparison with

our previous approach [Lautizi2024] (Fig. 8.2e) clearly demonstrates that

our new algorithm proposed here is significantly more stable, resulting in

improved image quality with reduced noise.

The results of the 2D scattering analysis on a second test sample are shown in

Fig. 8.3. This sample was made using four rods cut and glued in four different

positions. Each rod was made by unidirectional carbon fibres oriented along

the rod lengths. The main-orientation signal confirms that the fibres run

along the long axis of the rods.

The third test sample (Fig. 8.4) was made of two sheets of unidirectional

glass-fibre tape (15 µm diameter), glued together at an angle of 90ç. Also for

this sample, the main-orientation signal confirms that the fibres run along

the long axis of the sample. In the regions where the fibres cross at 90ç the

low saturation of the colours indicates a low anisotropy value. Indeed, with

our model, a single orientation is extracted for each local window.

The last sample consists of a sheet of interwoven carbon and kevlar fibres,

damaged in one point. The results of the 2D scattering analysis on this

sample are shown in Fig. 8.5. It is interesting to notice that, while the damage

is not visible in the absorption image (Fig. 8.5b), it is clearly recognisable in

the mean scattering image (Fig. 8.5c, arrow). From the HSV representation

of the main orientations (Fig. 8.5d) it is possible to see that the damage

propagated mainly along the vertical fibres and also to which extent. This
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Figure 8.2: (a) Raw transmission image of a carbon fibre cross with speckles. (b)
Extracted absorption image and (c) mean scattering signal in arbitrary
units. (d) Main orientation signals (green and red). (e) Main orientation
signals with the dark-field signal extraction method presented in [La-

utizi2024]. Contrast has been enhanced for visualisation purposes by
linear scaling.

non-invasive technique could be therefore used to quantify the severity and

the extent of a damage which is neither visible from visual inspection of the

surface nor by conventional X-ray computed tomography. A comparison of

the damage extension with the Unified Modulated Pattern Analysis (UMPA)

model is shown in Fig. 8.6c. A description of the UMPA model can be found

in [DeMarco2023; Zdora2017].

Following the demonstration of successful 2D orientation analysis, we show

that our proposed algorithm enables X-ray speckle-based tensor tomography.

For this demonstration, we performed XTT measurement of the carbon-

fibre sample shown in Fig. 8.3. We used the stair-wise acquisition protocol

described in Ref. [Kim2020] and [Kim2021], varying the tilt angle β from

0ç to 40ç, with an angular step of 10ç. For each angle β, we continuously

rotated the sample over 360ç, acquiring 360 projections with the setup shown

in Fig. 8.1. This procedure was repeated for 20 different positions of the
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Figure 8.3: (a) Raw transmission image of four carbon-fibre rods with speckles. (b)
Extracted absorption image and (c) mean scattering signal in arbitrary
units. (d) Main orientation signals (green, yellow, pink, violet). Contrast
has been enhanced for visualisation purposes by linear scaling.
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Figure 8.4: (a) Raw transmission image of two glued glass-fibre sheets with speckles.
(b) Extracted absorption image and (c) mean scattering signal in arbitrary
units. (d) Main orientation signals (cyan and red). Contrast has been
enhanced for visualisation purposes by linear scaling.

diffuser. The omnidirectional dark-field signal was then extracted from all

projections of the tomographic dataset, thus providing the 2D scattering

tensor for each local window and for each projection. These results are
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Figure 8.5: (a) Raw transmission image of a sheet of interwoven carbon and kevlar
fibres with speckles. (b) Extracted absorption image and (c) mean scat-
tering signal in arbitrary units. (d) Main orientation signals in green
and red, contrast has been enhanced for visualisation purposes by linear
scaling. The damage is indicated with an arrow.

(a) (b)

Figure 8.6: (a) Mean scattering signal in arbitrary units of a sheet of interwoven
carbon and kevlar fibres. (b) Dark-field signal of the same sample
extracted with UMPA model. The damage is indicated with an arrow.

combined to make the tensor sinogram to find the full scattering tensor field

in 3D [Lautizi2024]. For this reconstruction, we used an analysis window of

6 × 6 pixels. The projections were aligned using a customised version of the

alignment algorithm described in Ref. [Liebi2015].

Tomographic slices of the tensor tomogram are displayed in Fig. 8.7. Three

slices of the sample volume are shown: an axial slice (Fig. 8.7a), a coronal slice

(Fig. 8.7b), and a sagittal slice (Fig. 8.7c). Since the local structure-orientation

signal is prone to noise, in particular in background regions and at sharp

edges, the tomographic volume was masked with a threshold-based mask

that was both based on the average scattering and the absorption signals.
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The glue used to fix the four parts of the sample contributed to the scattering

signal and was therefore segmented out.

In the tomographic slices, the colour represents the local structure orientation

of the fibres within each voxel, where the voxel size is given by the size of the

analysis window. A 3D visualisation of the scattering tensor reconstruction

of the sample is shown in Fig. 8.7d. Each arrow’s direction and colour (RGB)

represent the main orientation direction within a voxel.

As visible both in the tomographic slices and in the 3D visualisation, the

four main orientations of the carbon fibre rods were extracted. At the edges,

the colours are not perfectly uniform, which we attribute to damage to the

rods during sample preparation and to unsegmented glue. We have therefore

shown a successful tensor tomography reconstruction using speckle-based

imaging.

8.5 conclusions

In conclusion, we have presented the first demonstration of speckle-based

tensor tomography. This achievement was made possible by developing

a new method to optimally extract the X-ray directional dark-field signal

for data acquired with a random diffuser. Formulating the problem with a

weighted linear least-squares approach guaranteed the numerical stability

needed for a successful reconstruction. We demonstrated the effectiveness

of our approach for SBI projection scans of different samples and compared

the results with previous findings on the same sample. The new algorithm

proved to be more stable, resulting in less noisy dark-field images than our

previous approach.

The proposed method, applicable to different data acquisition schemes, cre-

ates new opportunities for the applications of X-ray scattering tensor tomog-

raphy using a non-periodic X-ray beam modulator. Our approach operates

independently of the experimental geometries, reconstructing the full tensor

field.

Thanks to its experimental simplicity, SBI has been demonstrated using

laboratory setups [Zanette2014; Zhou2015], hence speckle-based tensor to-

mography could also be performed using laboratory sources, thus reaching a

broader community.

In the near future, we plan to modify the acquisition procedures testing a

sample-scanning approach [DeMarco2023] rather than diffuser-stepping to

increase the field of view, minimizing the acquisition time.

A current limitation of the model is that for each analysis window of a

projection, a single orientation is extracted. Therefore, ongoing research is

aimed at ensuring reliable reconstruction even in the case where multiple
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Figure 8.7: XTT image of a carbon fibre sample made using 4 unidirectional carbon
fibres rods cut and glued in 4 different positions. (a) An axial slice, (b) a
coronal slice and (c) a sagittal slice of the sample volume. The colour is
an RGB representation of the local structure orientation. The colour ball
is represented in (d) and it is symmetric with respect to the x - y, x - z,
and y - z planes. (d) A 3D visualisation of the reconstructed scattering
tensor. In this representation, each arrow’s orientation corresponds to
the main direction in each voxel. The colourful planes indicate the slices
shown in the other panels.

scattering orientations overlap in a single analysis window, which could

significantly enhance the versatility and robustness of this approach.



9 A N U M E R I C A L WAV E - O P T I C S

S I M U L AT I O N F O R S P E C K L E - B A S E D

I M A G I N G

In this chapter, we present a numerical wave-optics simulation model for

speckle-based imaging (SBI). We validate the effectiveness of the simulation

providing two examples: a SBI measurement of carbon fibre cross and an X-

ray tensor tomography experiment on a cube containing three fibre bundles

along three different orientations. The simulation is a versatile tool for

investigating new experimental conditions for speckle-based imaging and

tensor tomography experiments.

9.1 model

9.1.1 Wave propagation model

The simulation model in this chapter is based on a wave-optical formulation,

implemented primarily in Python and Cython, starting from the simple

model explained in [Zdora2015]. The simulated experimental setup consists

of an X-ray source, a diffuser, a sample, and a detector. The setup assumes a

parallel beam originating from a distant source.

The wavefront propagation between components is calculated using the

diffraction integral under the near-field Fresnel approximation. We consider

a Cartesian coordinate system (x, y, z), with the positive z-axis being the optic

axis. We then consider two parallel planes separated by vacuum, at z = 0

and z = ∆, respectively, with ∆ > 0. An elementary plane-wave solutions to

the Helmholtz equation can be written in the following form [Paganin2006]:

ψ(x, y, z) = exp[i(kxx + kyy)] exp
[

iz
√

k2 2 k2
x 2 k2

y

]

, (9.1)

where (kx, ky, kz) are the three components of the wave-vector k of the plane

wave. The exponential factor is known as the "free space propagator". It

follows [Paganin2006] that the propagated wave-field can be calculated as:

ψ(x, y, z = ∆) =
1

2π

∫∫

ψ̂(kx, ky, z = 0) exp
[

i∆
√

k2 2 k2
x 2 k2

y

]

× exp[i(kxx + kyy)] dkx dky, ∆ g 0. (9.2)
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This expression is known as the angular-spectrum representation for the

propagated wave-field. ψ̂(kx, ky, z = 0) is the Fourier transform of ψ(x, y, z =

0) with respect to x and y.

The angular-spectrum representation for the propagated wave-field can be

rewritten as:

ψω(x, y, z = ∆) = D∆ψω(x, y, z = 0), ∆ g 0, (9.3)

where D∆ is known as the diffraction operator, and it is equal to

D∆ = F21
{

exp
[

i∆
√

k2 2 k2
x 2 k2

y

]}

F . (9.4)

Within the paraxial approximation, the diffraction operator becomes:

D∆ j exp(ik∆)F21

{

exp

[

2i∆
k2

x + k2
y

2k

]}

F . (9.5)

Therefore, recasting Eq. 9.3 in the form of a convolution integral and substi-

tuting the diffraction operator, Eq. 9.3 becomes:

ψ(x, y, z = ∆) = 2
ik exp(ik∆)

2π∆
exp

[

ik

2∆
(x2 + y2)

]

∫∫

ψ(x2, y2, z = 0)

× exp

[

ik

2∆
(x22 + y22)

]

exp

[

2
ik

∆
(xx2 + yy2)

]

dx2dy2 (9.6)

The wavefront after interaction with the diffuser is obtained by applying the

projection approximation [Born1999; Paganin2006; Meyer2021] to compute

the complex transmission function of the diffuser, which is then multiplied

by the incident wavefront. The same procedure is performed for the sample

and the resulting wavefront is recorded in the detector plane.

ψ̂(x, y, z = ∆) j exp

{

2ik
∫

∆

z=0
[δ(x, y, z)2 iβ(x, y, z)] dz

}

ψ̂(x, y, z = 0)

(9.7)

where δ and β represent the components of the refractive index (n =

1 2 δ + iβ) distribution of the object, calculated for each material using the

xraylib library. In this approximation, the object is treated as a projection

of its complex refractive index along the thickness in the propagation di-

rection, ignoring diffraction effects within the volume of the object. In this

approximation, the object’s complex transmission function is the exponential

term on the right-hand side of Eq. 9.7. In the simulation, finite Fast Fourier

Transforms (FFT) are used instead of the Fourier transform and its inverse

operator.
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9.1.2 Diffuser model

The simulated diffuser is made of one or more layers of sandpaper. Each

sandpaper sheet includes a layer of randomly distributed silicon carbide (SiC)

grains, a layer of glue, and a cellulose substrate.

The abrasive part of sandpaper is simulated by modelling the surface as a

collection of SiC grains, which are represented as randomly oriented and

randomly distributed cubes. Each SiC grain is modelled as a cube with a

size that varies according to a Gaussian distribution, where the mean and the

variance can be tuned. This distribution reflects the variability in grain size

found in real sandpaper, where grains are not uniform, but have a range of

sizes around the nominal value.

Once the grain sizes are established, each grain is randomly placed on the

sandpaper surface. The individual grains are placed avoiding an excessive

overlap of grains, which could otherwise result in a bigger grain size. The

grains are also randomly oriented to simulate the manufacturing process of

sandpaper. The 3D grains are then projected using the TIGRE library. The

number of grains placed on the surface is proportional to the number of

sandpaper layers.

After all grains are placed, the simulated abrasive surface is coupled with

a uniform layer of glue, and a uniform layer of cellulose to mimic a real

sandpaper diffuser.

9.1.3 Energy model

Speckle-based imaging experiments can be performed using different setup

conditions. For instance, using a monochromatic beam at a synchrotron

beamline. In this case, the X-ray beam has only one energy, which results

in images that are almost artefact-free. However, most clinical and indus-

trial setups use polychromatic beams with a spectrum of energies that may

introduce artefacts, such as beam hardening. Simulating all these different

conditions is essential in order to optimise imaging experiments.

Monochromatic Energy Model

The monochromatic energy model assumes that all photons in an X-ray

beam share identical energy. This simplified model is particularly useful for

applications requiring high precision in contrast and attenuation measure-

ments, such as in synchrotron experiments. Monochromatic X-rays avoid the

beam-hardening artefacts seen in polychromatic beams. However, this model

is less common in conventional medical imaging, since it would require a

specialized X-ray source producing a single-energy beam.
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Polychromatic Energy Model

The polychromatic energy model is closer to what is found in standard X-ray

tubes used in clinical and industrial contexts. In this case, photon of different

energies interact differently with materials, resulting in an image subject to

potential artefacts, such as beam hardening.

In simulating a polychromatic beam, different energy contributions are inte-

grated according to their weights, which reflect how different energies are

distributed along the X-ray spectrum. The weight for each energy is based

on its relative contribution to the overall spectrum, for instance derived from

a tungsten anode with a specific peak voltage (e.g., 80 kVp). The composite

image is obtained by superimposing results from different wavelengths across

the source spectrum

9.1.4 Simulating the images

The simulation is designed to be user-friendly, and it comes with a variety

of features which can be tuned. For example, it allows for the selection of

different beam types (monochromatic or polychromatic), setup configurations

(parallel beam, cone beam), and source sizes (infinite or finite). Additionally,

other parameters can be tuned, such as the energy, the propagation distances,

the pixel size, the field of view, the sandpaper type, and the number of

diffuser steps. A schematic overview of the simulated setup is shown in

Fig. 9.1.

After the geometry and the parameters are chosen, the diffuser is generated.

A defined number of SiC cubes are generated, according to the chosen

distribution of grain sizes, and randomly placed and oriented. The projection

approximation (Eq. 9.7) is then used to calculate the altered wave-field exiting

the diffuser. Subsequently, the wave-field propagation equation (Eq. 9.3) is

used to propagate the wave-field in vacuum from the diffuser plane to the

sample plane.

At this stage, the 3D sample is generated or loaded. Since the dark-field

signal is the result of spatially-unresolved random microstructures in the

sample, the simulation process takes place in an artificially super-resolved

space. The final images (reference and sample images) are then rebinned to

the actual experimental field of view before the output is saved. In this way,

the simulated microstructures become unresolvable in the final configuration,

and their contribution to the dark-field signal can be studied. The 3D sample

is then projected, using the TIGRE library, according to the selected projection

angles and tilt angles. The following process is iterated for each projection.

The projection approximation is used again to calculate the altered wave-field

exiting the sample. In addition, the wave-field propagation equation is used

to propagate the wave-field in vacuum from the sample plane to the detector

plane. If a cone-beam geometry is selected, and the propagation of a spherical
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wave is required, the geometry of the divergent beam is converted into an

equivalent parallel beam using the Fresnel scaling theorem [Munro2019]. To

mimic a speckle-based experiment, different diffuser positions are simulated,

and the diffuser is shifted to the chosen positions before the wave-field

is propagated from the sample plane to the detector plane. The squared

magnitude of the wave-field is then calculated, being the intensity of the

detected image. The final images are then rebinned to the actual experimental

field of view.

A detector point spread function of two pixels FWHM (full width at half

maximum) is assumed. The simulated results are therefore smoothed with

a Gaussian smoother with a standard deviation of (2/2.355) × pixel size.

Additionally, to account for the extended focal spot size, it is possible to blur

the images using a Gaussian smoother, where the full width at half maximum

is scaled according to the divergent beam geometry. A Poisson noise can also

be added to the intensities, given a mean number of photons per pixel.

Source-diffuser 

distance

Sample-detector 

distance

Diffuser-sample 

distance

Diffuser and 

diffuser stage

Sample and 

sample stage

Detector

Figure 9.1: Schematic overview of the simulated setup. The X-ray beam can be
monochromatic or polychromatic, in a parallel or cone-beam geometry.
The beam is modulated by a diffuser that is shifted to match different
diffuser positions. The sample is located downstream the diffuser, and
it is rotated and tilted. The detector system has a definite point spread
function.

9.2 software architecture

Input Data:

- Load simulation parameters from YAML file

|

v

Preprocessing:

- Calculate derived experimental parameters (SimulatePair)
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- Generate or load sandpaper (generate_sandpaper)

|

v

Simulation Process:

- Interact beam with sandpaper (interact_beam_with_sandpaper)

-> Use projection approximation to calculate wave-field

exiting the diffuser

- Propagate wave-field to sample plane

(propagate_speckle_to_sample)

-> Use wave-field propagation equation (free space)

- Generate or load 3D sample model (generate_sinogram)

-> Use TIGRE library for sinogram generation

- Generate sample projections (generate_sample)

-> Altered wave-field exiting the sample based on

thickness profile and refractive indices

|

v

Ground Truth Calculation:

- Propagate without pattern (propagate_without_pattern)

-> Use analytical formulae to calculate transmission and

differential-phase signals

|

v

Final Image Calculation:

- Define diffuser or sample stepping positions

(define_positions)

-> Different positions for the diffuser or sample

- Calculate final intensities (interact_and_propagate)

-> Squared magnitudes of wave-field at detector plane

- Apply Gaussian smoothing (Gaussian smoother)

-> Account for PSF of detector and source size

- Rebin images (rebin)

-> Apply binning factor to make microstructures unresolvable

|

v

Output Data:

- Save or return the processed reference and sample images

The simulation is implemented primarily in Python and Cython, using an

object-oriented approach, and it provides a yaml file for the choice of the

simulation parameters.

In the yaml file different parameters can be tuned, for instance the energy, the

propagation distances, the pixel size, the field of view, the sandpaper type,

and the number of diffuser steps. Also the type of generated sample and

its characteristics can be selected. Moreover, some flags allow introducing

Poisson noise in the images, or simulating a finite source size. The number of

tilts and equispaced projections can also be selected in this user-friendly file.
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The whole imaging process is contained in a class called SimulatePair. Firstly,

the experimental parameters that are derived from the ones already defined

in the yaml file are calculated. For instance, the source size and the magnifi-

cation of the system, among the other variables, are calculated in this stage.

The following step is generating the sandpaper. This is done in the function

generate_sandpaper which generates sandpaper as an array of SiC cubes, ran-

domly tilted and oriented. A layer of cellulose acts as backing, together with

a layer of glue. The sandpaper can also be loaded from a saved file if it has to

be reused in a different simulated experiment. The projection approximation

(Eq. 9.7) is then used to calculate the altered wave-field exiting the diffuser

in the function interact_beam_with_sandpaper, starting from the calculated

thickness profile, the given complex refractive indices, and the wavelength

of the system. The wave-field exiting the sandpaper is then propagated in

free space up to the sample plane using the wave-field propagation equation

(Eq. 9.3) in the function propagate_speckle_to_sample. A 3D model of the

sample is generated or loaded from a saved file in generate_sinogram. Given

the rotation angles and tilt angles, the function calculates the sinogram con-

taining all the projections obtained using TIGRE library. A given projection is

then loaded in generate_sample and converted to the altered wave-field exit-

ing the sample, starting from the calculated thickness profile of the projection

image, the given complex refractive indices, and the wavelength of the system.

The ground truth for the transmission signal and the differential-phase signals

is calculated in propagate_without_pattern by propagating the wave-field

in free space and using the analytical formulae. Different positions for the dif-

fuser stepping or the sample stepping approach [DeMarco2023] are defined

in the function define_positions. The final images intensities are calculated

as the squared magnitudes of the wave-field that reached the detector plane

in the function interact_and_propagate, where either the sample (sample

stepping) or the reference (diffuser stepping) wave-fields are shifted of the

amount specified by the positions. To the obtained reference and sample

images, a Gaussian smoother is applied that takes into account the PSF of

the detector and, if it is the case, the finite size of the source. Finally, in the

function rebin, the reference and sample images are rebinned of the selected

binning factor so that the simulated microstructures become unresolvable in

the final configuration, and their contribution to the dark-field signal can be

studied.

The class SimulatePair is then used in the appropriate function, depending

on whether a monochromatic or polychromatic model is chosen. Excluding

the generation of the sandpaper and the generation of the sample projections,

the remaining process is iterated for all the projections and tilts.

The Cython code is used to speed up processes such as the generation of the

samples and the sandpaper. Also the generation of the sample’s projections

using TIGRE and the generation of the diffuser/sample positions given

the step size are contained in the Cython code. We believe that a detailed

description of the numerous functions of the simulation is not suitable in this

context. The interested reader is referred to the open access code.
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9.3 simulation of a speckle-based imaging measure-

ment

9.3.1 Simulation of a carbon fibre cross

The first example of application of the simulation is a speckle-based imaging

measurement of a carbon fibre cross, to extract the 2D orientations of the

fibres.

To represent carbon fibres in a bundle, we used Poisson disc sampling to

pack discs. This method is optimal for producing distributions of points with

a minimum distance constraint. With the Poisson disc sampling method, no

two points, which represent the centres of the fibres, are too close to each

other. Therefore, it is possible to mimic the random yet non-overlapping

nature of the fibres in a bundle.

Firstly, the simulation space is defined in two dimensions, width and height.

This the field-of-view (FOV) if only one bundle will be simulated, or part of

the FOV if more than one bundle is present. Then, the sampling of the points

is controlled by parameters such as the minimum allowable distance between

points, which depends also on the fibre radius, and the number of candidate

points generated around each reference point before it is rejected as being

too close to others. The simulation space is divided into cells, where each cell

can host a point, and therefore a fibre.

A random point is selected to initiate the process. Then, the algorithm tries to

generate more points around this first point by randomly sampling within an

annular region, defined by the minimum distance and twice that distance. In

this way, every new point is far enough from the previously accepted points.

If a good point is found, it is added to the list of samples and it is labelled as

active. The algorithm will then try to create more points around the active

one. The process continues until no more valid points can be generated

around any of the active points, resulting in a set of points that will be the

fibre centres in the bundle.

The next step is to grow the fibre bundle in a 3D simulation space. The

radii of both the fibre bundle and the individual fibres are specified, with

corresponding diameters calculated. A circular mask is applied to the domain

to define the bundle’s boundaries, ensuring that fibres are placed only within

this circular region. Each fibre is represented as a small circle, arranged

based on the previously generated Poisson disc sample points. The bundle

is built layer by layer through the depth of the simulated space, so that the

orientation of the fibres is continuous. Although not explicitly applied in this

example, it is possible to twist the bundle by rotating each slice by a small

angle, cumulatively adding up to a specified twist angle. This spinning step

models the twisting of actual fibres in a yarn.

The final output consists of two arrays: one representing the fibre-filled

bundle (epoxy resin) and another representing the unfilled regions (carbon).
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An example is shown in Fig. 9.2. The 3D sample is then projected, using the

TIGRE library, according to the selected projection angles and tilt angles. The

projection approximation with the correct refractive indices (Eq. 9.7) is then

used to calculate the altered wave-field exiting the sample plane.

(a) (b)

Figure 9.2: An example of an axial slice of the 3D volume of a carbon fibre bundle.
(a) The single carbon fibres, placed in the bundle using Poisson disc
sampling. (b) The inverse mask, representing the epoxy resin.

9.3.2 Parameters of the simulation

For this simulation, we used a parallel, monochromatic beam with an energy

of 30 keV. The diffuser-sample distance is 0.25 m, and the sample-detector

distance is 1.5 m. The diffuser was realised with cube SiC grains with average

size of 25.8 µm. We generated 25 different diffuser positions. A schematic

overview of a general simulated setup is shown in Fig. 9.1.

The sample consists of 3 bundles of 2000 fibres each. The number of candidate

points generated around each reference point before it is rejected as being

too close to others is 500. Each bundle has a diameter of 520 pixels. In

the simulation space, the pixel size is 1 µm. The 3D simulated space for

each bundle has a size of 650 pixels. This allows for empty spaces between

the individual bundles. Each fibre has a diameter of 6.5 pixels. The FOV

is 3000 × 3000 pixels. Two bundles are placed vertically and one bundle

is placed horizontally to cross the other two bundles. The reference and

sample images have been rebinned of a factor 12, so that the resulting FOV is

250 × 250 pixels and the effective pixel size is 12 µm.

9.3.3 Analysis of the results

Fig. 9.3a shows an example of an axial slice of the 3D volume of one of the

three carbon fibre bundles. A projection of the 3D sample at rotation angle

α = 0ç and tilt angle β = 0ç is shown in Fig. 9.3b. For this example, we were

mainly interested in a fast extraction of the omnidirectional dark-field signal,

so only one projection was generated.
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(a) (b)

Figure 9.3: The simulated sample. (a) An example of an axial slice of the 3D volume
of one of the three carbon fibre bundles in the simulated sample. (b)
A projection of the 3D sample at rotation angle α = 0ç and tilt angle
β = 0ç.

In Fig. 9.4a the diffuser thickness map is shown, before the binning procedure.

The diffuser was realised with cube SiC grains with. The average grain size of

25.8 µm corresponds to a P600 sandpaper. Three layers were generated. The

visibility of the reference pattern is determined as the ratio of the standard

deviation to the mean intensity value of the reference image. The visibility

map is then computed using a Gaussian filter, with a kernel size of 5 pixels.

The visibility map shown in Fig. 9.4b is not homogeneous all over the FOV,

and its mean value is 52.38%.

(a) (b)

Figure 9.4: (a) The diffuser thickness map before the binning procedure. (b) The
visibility analysis of a reference image.

We used UMPA algorithm to process the sets of 25 sample frames captured at

identical angles but different modulator positions, along with the 25 reference

frames taken at corresponding modulator positions. The transmission, dark-

field, and refraction angle signals for each projection in both the vertical and

horizontal directions were generated by this procedure. The result of this

analysis may be seen in Fig. 9.5.

The horizontal profiles through the differential-phase signal in the horizontal

direction are then compared with the corresponding profiles obtained on

the ground truth of the differential-phase signals. The latter quantities are

calculated as follows:



9.3 simulation of a speckle-based imaging measurement 113

(d)

(b)

(c)

(a)

(e)

Figure 9.5: One projection of the simulated sample, obtained with SBI using UMPA
algorithm. (a) The differential-phase signal in the horizontal and (b) ver-
tical direction, reported in pixels. (c) The transmission, (d) the integrated
phase, and (e) the dark-field signals.

ù

ü

ú

ü

û

dx = 2 gx ·d·λ
2π·p2

dy = 2
gy·d·λ

2π·p2 ,

(9.8)

where gx and gy are the gradients of the phase angle, d is the distance from

the sample to the detector, λ is the wavelength, and p is the pixel size.

After having verified the correctness of the images analysed with UMPA, we

checked the directionality of the fibres in the simulated bundles. Firstly, we

calculated the magnitude, directionality, and orientation of the bundles, using

the algorithm described in Ref. [Smith2022] (UMPA-DDF). A multi-resolution

approach is used, with earlier steps in the process are the results of a run for

a limited number of pixels. The results are reported in Fig. 9.7. We used a

window size of 11 × 11 pixels and an UMPA step size in the final iteration

of 5 pixels. In Fig. 9.7a-c, we show a composite HSV image of the extracted
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(a) (b) (c)

Figure 9.6: (a) A comparison of the horizontal profiles through the differential-phase
signal in the horizontal direction of the analysed image and the ground
truth image. The ground truth of the differential-phase signal in the
horizontal (b) and vertical (c) direction, respectively.

directional dark-field signal in the three steps of UMPA-DDF. The magnitude

of the directional dark-field signal (Fig. 9.7g), the directionality (Fig. 9.7h) and

the orientation of the scattering (Fig. 9.7i) represents the hue, the saturation,

and the value, respectively. In Fig. 9.7d-f the extracted transmission signals

for the three steps. The main-orientation signal in the composite HSV image

confirms that the fibres run along the long axis of the rods. The HSV colour

map is identical to the one reported in Ref. [Smith2022].

(e)

(b)

(d)

(a)

(g) (h)

(f)

(c)

(i)

Figure 9.7: Directional analysis on one projection of the simulated sample, obtained
with SBI using UMPA-DDF algorithm. (a-c) A composite HSV image of
the extracted directional dark-field signal in the three steps of UMPA-
DDF. (d-f) the extracted transmission signals for the three steps. (g)
The magnitude of the directional dark-field signal in pixel units, (h) the
directionality in arbitrary units (i) and the orientation of the scattering
in degrees.

Moreover, the SBI images were analysed with the reconstruction method

presented in Ref. [Lautizi2024] and in chapters 7 and 8. We used as the
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analysis unit cell, i.e. the resulting spatial resolution, a square with size of 5

pixels or 60 µm, translated of 3 pixels to cover the whole FOV.

The results in Fig. 9.8d show that the main orientation signal matches with the

expected orientation of the fibres (cyan along the vertical axis and red at 90ç),

thus demonstrating the effectiveness of the proposed method for a simulated

dataset. It is worth noticing that here the HSV colour map is rotated of 90ç

with respect to the one presented in Fig. 9.7, so the colours appear switched.

Also in this case, the main-orientation signal in the composite HSV image

confirms that the fibres run along the long axis of the rods. In addition,

the reconstruction of the omnidirectional dark-field signal was significantly

faster: 2 s, compared to 12 min of UMPA-DDF.

(d)

(b)

(c)

(a)
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Figure 9.8: (a) Raw transmission image of a simulated carbon fibre cross with
speckles at α = 0ç, β = 0ç. (b) Extracted absorption image and (c) mean
scattering signals in arbitrary units. (d) Main orientation signals in cyan
and red, contrast has been enhanced for visualisation purposes.
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9.4 simulation of an x-ray tensor tomography ex-

periment

The last example of application of the simulation is an X-ray tensor tomog-

raphy experiment, where the sample consists of three different carbon fibre

bundles displaced along the three main axes, to extract the 2D and 3D

orientations of the fibres.

9.4.1 Parameters of the simulation

For this simulation, we used a parallel, monochromatic beam with an energy

of 20 keV. The diffuser-sample distance is 0.25 m, and the sample-detector

distance is 0.1 m. The diffuser was realised with cube SiC grains with a

mean size of 30 µm and a variance of the grain size distribution of 3 µm. We

generated 6 layers of sandpaper and 20 different diffuser positions.

The sample consists of 3 bundles of 2000 fibres each. Each bundle has a

diameter of 348 pixels. In the simulation space, the pixel size is 1 µm. Each

fibre has a diameter of 5 pixels. The FOV is 1500 × 1500 pixels. Two bundles

are placed vertically, and one bundle is placed horizontally to cross the other

two bundles. The reference and sample images have been rebinned of a factor

6, so that the resulting FOV is 250 × 250 pixels and the effective pixel size is

6 µm.

For each tilt angle β, we acquired 360 projections with a continuous rotation

of the sample over α * [0ç, 360ç], while β * [0ç, 20ç] with an angular step of

5ç. A schematic overview of a general simulated setup is shown in Fig. 9.1.

9.4.2 Analysis of the results

The sample consists of 3 bundles of 2000 carbon fibres each, placed in a cube

along three different orientation. The fibres are placed using the Poisson

disc sampling, as previously described. In Fig. 9.9 a 3D visualisation of the

sample is presented, from two different point of views. Each bundle occupies

a different corner of the cube. The first bundle is placed in the back-left

corner and is oriented along the z-axis, with the fibres aligned accordingly

along the main axis of the cylindrical bundle. The second bundle is located

in the top-left corner, aligned along the x-axis. The third bundle is positioned

in the bottom-right corner of the cube, aligned along the y-axis. The rest of

the cube is empty, without any overlap between the three bundles.

In Fig. 9.10a a reference image is shown. The visibility of the reference pattern

is determined as the ratio of the standard deviation to the mean intensity

value of the reference image. The visibility map is then computed using a
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(a) (b)

Figure 9.9: A 3D visualisation of the simulated XTT sample, viewed (a) from the
side and (b) from the top.

Gaussian filter, with a kernel size of 5 pixels. The visibility map shown in

Fig. 9.10b is not homogeneous all over the FOV, and its mean value is 52.36%.

(a) (b)

Figure 9.10: (a) A reference image of the XTT dataset and (b) the corresponding
visibility analysis.

We used UMPA algorithm to process the sets of 20 sample and reference

frames captured at identical angles but different modulator positions. We

used a window size of 5 × 5 pixels and a step size of 3 pixels. Some transmis-

sion images obtained with UMPA for different rotation angles are shown in

Fig. 9.11. This representation clarifies the positions of the bundles inside the

cube.

The SBI images were analysed with the reconstruction method presented

in Ref. [Lautizi2024] and in chapters 7 and 8. We used as the analysis unit

cell, i.e. the resulting spatial resolution, a square with size of 6 pixels or

36 µm, translated of 6 pixels to cover the whole FOV. The results in Fig. 9.12d

show that the main orientation signal matches with the expected orientation

of the fibres (cyan along the vertical axis and red at 90ç). In the bundle

oriented along the beam direction (bottom-left in Fig. 9.12d) the fibres are

mainly oriented perpendicularly to the plan of the image. This information

is reproduced by a high mean scattering (Fig. 9.12c), but low fractional

anisotropy, indicated by the low saturation in Fig. 9.12d (colour tending to

white).
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Figure 9.11: Four transmission images obtained with UMPA for different rotation
angles: (a) α = 0ç, (b) α = 90ç, (c) α = 180ç, and (d) α = 270ç.

Following the demonstration of successful 2D orientation analysis, we show

that our reconstruction method enables X-ray speckle-based tensor tomog-

raphy for a simulated dataset. Two axial slices of the tensor tomogram are

shown: one through the upper part (Fig. 9.13) of the cube, and one through

the lower part (Fig. 9.14). Since the local structure-orientation signal is prone

to noise, in particular in background regions and at sharp edges, the tomo-

graphic volume was masked with a threshold-based mask that was based on

the average scattering. In the tomographic slices, the colour represents the

local structure orientation of the fibres within each voxel, where the voxel

size is given by the size of the analysis window. As expected, the bundle

in the upper part of the cube is oriented horizontally along the x-axis, and

it is therefore reconstructed with red colour in the main orientation signal

(Fig. 9.13b). In the bottom part of the cube, the bundles are oriented vertically

along the z-axis, reconstructed with green colour in the main orientation

signal and along the y-axis, reconstructed with blue colour (Fig. 9.14b). When

the tensor tomogram is reconstructed, a sphere mask is applied. This explains

the shape of the bundles in the axial slices, cut at the edges by the sphere

mask.
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Figure 9.12: a) Raw transmission image of a simulated cube with speckles at α =
180ç, β = 0ç. (b) Extracted absorption image and (c) mean scattering
signals in arbitrary units. (d) Main orientation signals in cyan and red.

(a)
(b)

Z

Y X

Figure 9.13: An axial slice through the upper part of the simulated cube. (a) The
mean scattering signal in arbitrary units. (b) The main orientation
signal. The colour is an RGB representation of the local structure
orientation.

9.5 conclusions

In this chapter, we presented a numerical wave-optics simulation model for

speckle-based imaging. Speckle-based imaging experiments can be performed
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(a)
(b)
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Figure 9.14: An axial slice through the bottom part of the simulated cube. (a) The
mean scattering signal in arbitrary units. (b) The main orientation
signal. The colour is an RGB representation of the local structure
orientation.

using different setup conditions, and so does the simulation, where key

parameters such as the beam type, the geometry, the sandpaper type and the

diffuser steps can be tuned.

We provided some example, including the simulation of a SBI measurement

of carbon fibre cross, which we successfully analysed using UMPA and our

omnidirectional dark-field signal extraction model. Finally, we simulated an

X-ray tensor tomography experiment, and we managed to correctly recon-

struct the main orientation of the sub-resolution microstructures. In chapter

10 another simulation of an X-ray tensor tomography experiment is presented

as a comparison with the real dataset.

In conclusion, the presented simulation provides a powerful and versatile

tool for exploring new configurations, and optimising experimental designs,

particularly for applications in speckle-based imaging and tensor tomography.

In the future, it would be interesting to test different configurations, such as a

laboratory setup, and compare the simulated results with experimental data.



10 A P P L I C AT I O N S O F

M O D U L AT I O N - B A S E D X- R AY

T E N S O R TO M O G R A P H Y

This chapter presents three main applications of the X-ray tensor tomography

model described in this thesis: an industrial application on carbon-fibre com-

posites, a medical application on human middle ear ossicles, and a cultural

heritage application on a fossil tooth and a fossil femur. The first section of

this chapter (10.1) was done in collaboration with Yeajin Lee, Mark Mavro-

gordato, Ian Sinclair and Richard Boardman of Southampton University, who

provided the carbon-fibre composites. The second section (10.2) was done in

collaboration with Margaux Pauline Schmeltz of Paul Scherrer Institut and

Lukas Anschuetz of Inselspital Bern, who provided the human middle ear

ossicles. The third section (10.3) was done in collaboration with Simone Anna

Maria Lemmers of Elettra Sincrotrone Trieste, who provided the cultural

heritage samples.

10.1 industrial application: carbon-fibre compos-

ites

10.1.1 Motivation

Composites are a critical part of future lightweighting strategies, with great

relevance to green/sustainable engineering, particularly in transport systems

(e.g., aircraft, buses, cars), but also energy (e.g. wind turbine blades, hydro-

gen gas containment). As structural materials, they are distinctive in having

high levels of heterogeneity and anisotropy, intrinsic to their design and

manufacturing. Important aspects of performance are coupled across several

length-scales, and closely linked to fibre orientation. For example, macro-

scopic ply delaminations (cm scales), mesoscopic matrix cracking (0.1 mm)

and microscopic single fibre breaks (sub-10 µm): they can all influence each

another, and occur in concert during the aerospace critical "compression after

impact" assessment. Tensor tomography, with associated ability to extract

sub-voxel orientation information, may offer unique opportunity to address

real engineering concerns by being able to see structure and behaviour with

sufficient simultaneous field of view to address the length scales of real

manufacturing and mechanical interest.

121
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10.1.2 Sample preparation

We have prepared two aerospace-type unidirectional carbon-epoxy materials.

The first sample, that from now on we will refer to it as the "T-shape" sample,

was made of two cylinders of well aligned (99+% of fibres falling within a few

degrees) plies, made combining different plies whose thickness was around

a few hundreds µm. The two cylinders were extracted from the stacked

plies using a lathe and a diamond saw in order to obtain two equilateral

cylinders with a diameter of 3 mm. The second sample, from now on the

"notch" sample, was manufactured utilising well aligned plies layup with

a [90/0/90] stacking sequence. The individual carbon fibres have a mean

diameter between 5 µm and 10 µm.

10.1.3 Experimental setup and data acquisition

X-ray tensor tomography with a sandpaper modulator was performed at

the ID19-ESRF beamline. An outline of the experimental setup is shown

in Fig. 10.1. We used the U13 undulator in combination with 2.8 mm of

aluminium to obtain a mean energy of 26.5 keV. As a wavefront modulator,

we used a diffuser made of 6 sheets of P180 grit silicon-carbide sandpaper.

As a detector, we used a PCO.edge sCMOS detector coupled to a Gadox

scintillator and a magnifying objective. The pixel size in the sample plane was

6.5 µm. The sample-diffuser distance was 0.89 m, while the sample-detector

distance was 0.88 m. The total FOV was 1650 × 1570 pixel or 10.7 mm ×

10.2 mm.

To acquire the images, we followed the stair-wise acquisition protocol de-

scribed in [Kim2020; Kim2021]. For each tilt angle β, we acquired 400

projections with a continuous rotation of the sample over α * [0ç, 360ç],

while β * [0ç, 45ç] with an angular step of 15ç. The exposure time for each

projection was 100 ms.

To characterise the performance of the modulator we used, we calculated its

visibility and mean speckle size. In Fig. 10.2a a flat-corrected reference image

is shown, together with its visibility analysis. The visibility is determined

as the ratio of the standard deviation to the mean intensity value of the

reference image. The visibility map is then computed using a Gaussian filter,

with a kernel size of 5 pixels. The visibility map shown in Fig. 10.2b is not

homogeneous all over the FOV, and its mean value is 17%.

In Fig. 10.3 the mean speckle size of the modulator, which is determined by

calculating the full width at half maximum (FWHM) of the radial profile

from the 2D auto-correlation function of a reference image. The speckle size

is 6.5 pixel or 42.2 µm.
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Figure 10.1: Schematic overview of the experimental setup. The X-ray beam is
modulated by a diffuser mounted on a scanning stage upstream of the
tilt and rotation stages. The rotation motor revolves α degrees and the
rotation axis can be tilted β degrees. The detector system consists of a
sCMOS camera with an X-ray microscope.

(a) (b)

Figure 10.2: A flat-corrected reference image (a) and (b) its visibility analysis.

(a) (b)

Figure 10.3: A 3D representation of the speckle size auto-correlation function in (a)
and its radial profile in (b).

10.1.4 Analysis of the results

The acquired projections were analysed with the reconstruction method

presented in Ref. [Lautizi2024] and in chapters 7 and 8. For the T-shape
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sample, we used as the analysis unit cell, i.e. the resulting spatial resolution,

a square with size of 20 pixels or 130 µm. We chose this analysis window

for a fast reconstruction of a validation sample that has well-aligned fibre

bundles.

Fig. 10.4a shows a raw transmission image of the validation sample obtained

with the sandpaper modulator. In the region where the sample is present, a

blurring is visible, caused by strong scattering from the sample. The extracted

absorption image is presented in Fig. 10.4b. The mean scattering (Fig.10.4c)

is calculated as the mean of the eigenvalues of the scattering tensor. The

main orientation (Fig.10.4d) is represented using the 2D eigenvectors with

the shortest lengths with HSV colour scheme, where the hue (colour shade)

indicates fibre orientation projected onto the detector plane, the saturation

represents the fractional anisotropy, and the value (brightness) reflects the

mean scattering intensity.

Both in the top and in the bottom part of the sample, the main orientation of

the fibres is clearly recognisable. In the top part, fibres are primarily oriented

horizontally, while in the bottom part they are oriented vertically. The mean

scattering is enhanced at the edges of the sample and in the delamination

damage caused by the use of the lathe. This effect is partially due to the

strong scatter at sharp interfaces, but also by the fact that the refraction signal

is not modelled in this approximation, and therefore it is considered by the

model as a scattering signal.
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(c) (d)
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Figure 10.4: (a) An example of one of the projections of the T-shape sample with
a sandpaper modulator at α = 0ç, β = 0ç. (b) Extracted absorption
image, (c) mean scattering in arbitrary units and (d) main orientation
signals. Each pixel corresponds to one unit cell.

In Fig. 10.5 the results of the 2D omnidirectional signal extraction are shown

for the notch sample at α = 90ç. For this sample we used as the analysis unit
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Figure 10.5: (a) An example of one of the projections of the notch sample with a
sandpaper modulator at α = 90ç, β = 0ç. (b) Extracted absorption
image, (c) mean scattering in arbitrary units and (d) main orientation
signals. Each pixel corresponds to one unit cell.

cell a square with size of 10 pixels translated of 5 pixels, with a resulting

spatial resolution of 32.5 µm. This window is a good compromise between a

high spatial resolution and a low noise level in the images. The computation

time also plays a role in the decision of a proper analysis window. In the

notch sample imaged at α = 90ç, the fibres are oriented vertically in the

lateral slabs and perpendicularly to the page in the central slab. The notch

(curved indentation located at both sides of the sample) is visible as a slightly

absorbing region in Fig. 10.5b and also as a region with less intense mean

scattering in Fig. 10.5c.

For both samples, the 2D scattering tensor for each local window and projec-

tion was obtained by extracting the omnidirectional dark-field signal from

each projection of the tomographic dataset. The tensor sinogram, described

in chapter 7, was created by combining these results to determine the entire

3D scattering tensor field. A modified version of the alignment procedure

from [Liebi2015] was used to align the projections. Since the local structure-

orientation signal is sensitive to noise, especially in background areas and at

sharp edges, a threshold-based mask based on attenuation was applied to

the tomographic volumes to exclude background regions.

In Figs. 10.6,10.7,10.8 three slices (coronal, sagittal, and axial respectively)

through the reconstructed volume of the T-shape sample are shown. As it

was visible also from the results of the 2D omnidirectional signal extraction,

the main-orientation signal confirms that the fibres run along the long axis

of the rods. In the top part, fibres are primarily oriented horizontally (red, x
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axis), while in the bottom part they are oriented vertically (green, z axis). It

is interesting to notice that in the mean scattering image, the regions with

higher scattering are the result of the delamination damage occurred during

the lathe cut. In Fig. 10.8d it is visible how the damaged region has a different

orientation with respect to the rest of the cylinder. The sample holder was a

homogeneous plastic cylinder, therefore it exhibits random orientations and

a low mean scattering signal.

In Figs. 10.9,10.10,10.11 three slices (coronal, sagittal, and axial respectively)

through the reconstructed volume of the notch sample are shown. As it was

visible also from the results of the 2D omnidirectional signal extraction, the

main-orientation signal confirms that the fibre’s orientation differ, and it is

attributable to the presence of three main slabs with a [90/0/90] stacking

sequence. In the two lateral slabs, the fibres are oriented vertically (green, z

axis), while in the central region the fibres run horizontally (red, x axis). In

the mean scattering images, the regions with higher scattering are the edges,

as previously mentioned, and the central region. The two long surfaces of the

notch sample exhibit a horizontal orientation. This effect was not visible in

the 2D projection, and it is due to the conformation of the surface, consisting

of horizontal grooves. Also in this case, the sample holder exhibits random

orientations and a low mean scattering signal.

A 3D visualisation of the reconstructed scattering tensor of the two carbon-

fibre composites is shown in Fig. 10.12. In this representation, each arrow’s

orientation corresponds to the main direction in each voxel. The colour ball is

symmetric with respect to the x2 y, x2 z, and y2 z planes. This visualisation

is mainly of the surface orientation, therefore more subjected to contributes

from the refraction signal and noise.
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Figure 10.6: A coronal slice through the tomographic volume of the T-shape sample.
(a) Extracted absorption, (b) scattering anisotropy in arbitrary units and
(c) mean scattering signals in arbitrary units are shown. (d) Orientation
signals, where the colour is an RGB representation of the local structure
orientation. The colour ball is symmetric with respect to the x 2 y,
x 2 z, and y 2 z planes.
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Figure 10.7: A sagittal slice through the tomographic volume of the T-shape sample.
(a) Extracted absorption, (b) scattering anisotropy in arbitrary units and
(c) mean scattering signals in arbitrary units are shown. (d) Orientation
signals, where the colour is an RGB representation of the local structure
orientation.
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Figure 10.8: An axial slice through the upper part of the tomographic volume of
the T-shape sample. (a) Extracted absorption, (b) scattering anisotropy
in arbitrary units and (c) mean scattering signals in arbitrary units are
shown. (d) Orientation signals, where the colour is an RGB representa-
tion of the local structure orientation.
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Figure 10.9: A coronal slice through the tomographic volume of the notch sample.
(a) Extracted absorption, (b) scattering anisotropy in arbitrary units and
(c) mean scattering signals in arbitrary units are shown. (d) Orientation
signals, where the colour is an RGB representation of the local structure
orientation.
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Figure 10.10: A sagittal slice through the tomographic volume of the notch sample.
(a) Extracted absorption, (b) scattering anisotropy in arbitrary units
and (c) mean scattering signals in arbitrary units are shown. (d)
Orientation signals, where the colour is an RGB representation of the
local structure orientation.
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Figure 10.11: An axial slice through the tomographic volume of the notch sample.
(a) Extracted absorption, (b) scattering anisotropy in arbitrary units
and (c) mean scattering signals in arbitrary units are shown. (d)
Orientation signals, where the colour is an RGB representation of the
local structure orientation.
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Figure 10.12: A 3D visualisation of the reconstructed scattering tensor of the T-
shape (a) and notch (b) samples. In this representation, each arrow’s
orientation corresponds to the main direction in each voxel. The colour
is an RGB representation of the local structure orientation. The colour
ball is symmetric with respect to the x 2 y, x 2 z, and y 2 z planes.

10.1.5 Simulated dataset

A numerical wave-optics simulation of an X-ray tensor tomography using

a random modulator has been carried out using a simulated sample that

mimics the T-shape sample described in this section. For a more detailed

description of the simulation process, the reader is referred to chapter 9.

The sample consists of 2 bundles of 2000 carbon fibres each, filled with epoxy

resin, superimposed forming a T-shape. The fibres are placed using the

Poisson disc sampling, as described in chapter 9. Each bundle has a diameter

of 1000 pixels (Fig. 10.13). In the simulation space, the pixel size is 3 µm, so

each bundle has a diameter of 3 mm, matching the real T-shape sample. Each

fibre has a diameter of 4 pixels. The FOV is 2500 × 2500 pixels. The reference

and sample images have been rebinned of a factor 3, so that the resulting

FOV is 833 × 833 pixels and the effective pixel size is 9 µm. The diffuser was

realised with cube SiC grains with a mean size of 80 µm and a variance of the

grain size distribution of 3 µm. It corresponds to a P180 grit silicon-carbide

sandpaper. We generated 6 layers of sandpaper and 20 different diffuser

positions. The distances, the energy, and the acquisition geometry have been

simulated to match exactly the experimental parameters.

In Fig. 10.14a a reference image is shown. The visibility of the reference

pattern is shown in Fig. 10.14b. It is not homogeneous all over the FOV,

and its mean value is 23.71%, slightly higher compared to the corresponding

experimental dataset.

We used UMPA algorithm to process the sets of 20 sample frames captured

at identical angles (tilt angle β = 0ç and rotation angle α = 0ç) but different
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(a) (b)

Figure 10.13: The simulated sample. Two projections of the 3D sample at tilt angle
β = 0ç and rotation angle (a) α = 0ç and (b) α = 90ç.

(a) (b)

Figure 10.14: (a) A reference image of the XTT simulated dataset and (b) the corre-
sponding visibility analysis.

modulator positions, along with the 20 reference frames taken at correspond-

ing modulator positions. The transmission, dark-field, and refraction angle

signals for each projection in both the vertical and horizontal directions were

generated by this procedure. The result of this analysis may be seen in

Fig. 10.15.

After having verified the correctness of the images analysed with UMPA,

we checked the directionality of the fibres in the simulated bundles. The

SBI images were analysed with the reconstruction method presented in

Ref. [Lautizi2024] and in chapters 7 and 8. We used as the analysis unit cell,

i.e. the resulting spatial resolution, a square with size of 15 pixels or 135 µm.

We chose this analysis window to compare the results with the experimental

dataset, where the resulting spatial resolution was 130 µm. The results in

Fig. 10.16d show that the main orientation signal matches with the expected

orientation of the fibres (cyan along the vertical axis and red at 90ç), thus

demonstrating the effectiveness of the proposed method for a simulated

dataset that mimics an experimental case. The main-orientation signal in the

composite HSV image confirms that the fibres run along the long axis of the

rods.
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Figure 10.15: One projection of the simulated sample, obtained with SBI using
UMPA algorithm. (a) The differential-phase signal in the horizontal
and (b) vertical direction, reported in pixels. (c) The transmission, and
(d) the dark-field signals.

Once the omnidirectional dark-field signal is extracted for all the projections

of the simulated dataset, it is sufficient to solve the linear system with CG,

as described in chapter 7. In Figs. 10.17,10.18,10.19 three slices (coronal,

sagittal, and axial respectively) through the reconstructed volume of the

simulated T-shape sample are shown. A threshold-based mask based on

attenuation was applied to the tomographic volumes to exclude background

regions. The main-orientation signal confirms that the fibres run along the

long axis of the rods. As expected, the bundle in the upper part of the cube

is oriented horizontally along the x-axis, and it is therefore reconstructed

with red colour in the main orientation signal. In the bottom part of the cube,

the bundles are oriented vertically along the z-axis, reconstructed with green

colour in the main orientation signal. The reconstructed main-orientation

signal agree with the expected orientations and with the experimental results

(Figs. 10.6,10.7,10.8). The presented results are, to our knowledge, the first

simulated X-ray tensor tomography experiment.
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Figure 10.16: (a) Raw transmission image of a simulated carbon fibre cross with
speckles at α = 0ç, β = 0ç. (b) Extracted absorption image and
(c) mean scattering signals in arbitrary units. (d) Main orientation
signals in cyan and red, contrast has been enhanced for visualisation
purposes.
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Figure 10.17: A coronal slice through the upper part of the tomographic volume of
the simulated T-shape sample.(a) Extracted absorption, (b) scattering
anisotropy in arbitrary units and (c) mean scattering signals in arbi-
trary units are shown. (d) Orientation signals, where the colour is an
RGB representation of the local structure orientation.
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Figure 10.18: A sagittal slice through the upper part of the tomographic volume of
the simulated T-shape sample. (a) Extracted absorption, (b) scattering
anisotropy in arbitrary units and (c) mean scattering signals in arbi-
trary units are shown. (d) Orientation signals, where the colour is an
RGB representation of the local structure orientation.
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Figure 10.19: An axial slice through the upper part of the tomographic volume of
the simulated T-shape sample. (a) Extracted absorption, (b) scattering
anisotropy in arbitrary units and (c) mean scattering signals in arbi-
trary units are shown. (d) Orientation signals, where the colour is an
RGB representation of the local structure orientation.
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10.1.6 Conclusions

In conclusion, we validated our algorithm using a sandpaper modulator at

a fourth-generation synchrotron on carbon-fibre composites interesting for

industrial applications. X-ray tensor tomography allowed us to retrieve the

main orientations of carbon fibres in various aerospace-type unidirectional

carbon-epoxy materials. Moreover, we applied a numerical wave-optics

simulation to simulate for the first time an X-ray tensor tomography dataset

obtained with a random modulator and sample that mimics a real sample

used in the measurements.

Applying these findings could be valuable to enhance our comprehension of

carbon-epoxy materials. In the future, it would be interesting to apply this

method to samples that have undergone low velocity impact testing, exhibit-

ing various cracks and delaminations. Another interesting samples would be

composites made of recycled carbon fibre, where orientation mapping is a

key finding since the fibres have been re-oriented.
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10.2 medical application: human middle ear ossi-

cles

10.2.1 Motivation

The ossicles are the smallest bones in the human body, responsible for trans-

mitting sound from the tympanic membrane to the inner ear structures

(Fig. 10.20). Their micro- and nano-scale arrangement is, to date, largely

unknown, and further knowledge is needed to better understand their biome-

chanical properties, and subsequently ossicle-related hearing loss.

In the event of acute infections, chronic inflammation, congenital anomalies,

or trauma, the ossicles can be damaged, and an ossiculoplasty (ossicular

chain reconstruction) is needed to restore hearing function. Today, the use

of autogenous ossicles (patient’s own ossicles) is considered as the main

surgical technique, as the alternatively used titanium prosthesis may lead to

foreign-body reaction, a hole in the tympanic membrane, or inflammation.

Therefore, studying the arrangement of the collagen network in the ossicles

is fundamental for a deeper understanding of their specific biomechanical

properties for the optimisation of sculpting procedures employed during

middle-ear reconstructive surgery.

Figure 10.20: A model of the middle-ear auditory ossicles. Image courtesy of
Margaux Pauline Schmeltz.

10.2.2 Sample preparation

Three ossicles — malleus, incus, and stapes — from the same ossicular chain

were dissected from a Thiel-fixed human temporal bone of an anonymous

donor. Similar samples have already been studied at TOMCAT beamline

with full-field microtomography [Anschuetz2019]. In Fig. 10.21 a maximum

intensity projection and an absorption 3D reconstruction of an incus obtained

at TOMCAT beamline with high-resolution microtomography. In Fig. 10.22
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a maximum intensity projection and a 3D visualisation with segmentation,

showing the tympanic membrane and the ossicular chain [Schmeltz2024].

(a) (b)

Figure 10.21: (a) A maximum intensity projection obtained at TOMCAT beamline
with conventional propagation-based phase contrast. Image adapted
from [Schmeltz2024]. (b) An absorption 3D reconstruction of an
incus obtained with high-resolution microtomography at TOMCAT
beamline. Images courtesy of Margaux Pauline Schmeltz.

(a) (b)

Figure 10.22: (a) A maximum intensity projection and (b) 3D visualisation with
segmentation, showing the tympanic membrane and the ossicular
chain. Images adapted from [Schmeltz2024].

10.2.3 Experimental setup and data acquisition

In this work, full-field XTT using this novel algorithm is applied to investigate

the main 3D orientation and anisotropy of microstructures within human

auditory ossicles. To perform this study, we used a π-shifting circular grating

array [Kagias2016; Kagias2019] with a unit cell period P = 49.5 µm and

a fine grating period g = 1.46 µm. We employed the in-house developed

CMOS-based fast-acquisition GigaFRoST detector [Mokso2017] combined

with a high-numerical-aperture tandem 1:1 microscope optic, resulting in an

effective pixel size of 11 µm. The detector was located 49.5 cm downstream of

the grating array, and the grating-sample distance was 46.3 cm. The exposure
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time for each projection was 12 ms, and the field of view (FOV) was 460× 1008

pixels. An outline of the experimental setup is shown in Fig. 10.23.

The projection images were acquired at the TOMCAT beamline (Swiss Light

Source, Paul Scherrer Institut) following the stair-wise acquisition protocol

described in [Kim2020; Kim2021], using a monochromatic X-ray beam of

17 keV. For each tilt angle β, we acquired 1000 projections with a continuous

rotation of the sample over α * [0ç, 360ç], while β * [0ç, 44ç] with an angular

step of 4ç. For the incus and the malleus, two FOVs were necessary to cover

the sample. The projections were then stitched after the analysis.

Figure 10.23: Schematic overview of the experimental setup. The X-ray beam is
modulated by a circular grating array mounted on a scanning stage
downstream of the tilt and rotation stages. The detector system
consists of a sCMOS camera with an X-ray microscope.

10.2.4 Analysis of the results

The acquired projections were analysed with the reconstruction method

presented in Ref. [Lautizi2024] and in chapter 7. The analysis unit cell, i.e.

the resulting spatial resolution, is a square whose size corresponds to the

diameter of a single circular grating: 9 pixels or 99 µm. In Fig. 10.24 an

example of one of the projections for the stapes is visible. In Fig. 10.24a we

show a projection with the sample and the modulator (a sample image) at

α = 0ç and β = 0ç , while in Fig. 10.24b we show a projection with only

the modulator (a reference image). Both images are necessary to extract the

omnidirectional dark-field signal. In Fig. 10.24c a zoomed region where the

circular grating structure is visible. The red squares represent four example

analysis windows.
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(a)

(b)

(c)

Figure 10.24: An example of one of the projections for the stapes. (a) A projection
with the sample and the modulator (a sample image) at α = 0ç and
β = 0ç. (b) A projection with only the modulator (a reference image).
(c) A zoomed region where the circular grating structure is visible.

Fig. 10.25a displays the raw transmission imagine of the stapes sample. The

image displays the gratings’ circular fringes, which are blurred as a result of

the sample’s scattering. Fig. 10.25b displays the extracted absorption image,

whereas Fig. 10.25c represents the mean scattering, which is determined by

taking the mean of the scattering tensor’s eigenvalues as explained in chapter

7. The HSV representation of the 2D eigenvectors with the shortest lengths

is the main orientation (Fig. 10.25d), where the mean scattering intensity is

the brightness, the fractional anisotropy is the saturation, and the hue (colour

shade) is the fibre orientation projected onto the detector plane. The dark-

field signal extracted from the stapes is not as intense as for a carbon-fibre

sample. However, it is possible to extract the main orientations, especially in

the stapes footplate.

For the two other ossicles, one FOV was not sufficient to cover the full sample,

so two FOVs were acquired and then, after the analysis, the resulting images

were blended along the vertical axis by weighting the overlap with a linear

ramp. In Figs. 10.26 and 10.27 the results of the 2D omnidirectional signal

extraction are shown for the incus and the malleus, respectively.

The 2D scattering tensor for each local window and projection was then

obtained by extracting the omnidirectional dark-field signal from each projec-

tion of the tomographic dataset. The tensor sinogram described in chapter 7 is

created by combining the results above to determine the whole 3D scattering

tensor field. A modified version of the alignment procedure described in

[Liebi2015] was used to align the projections. The local structure-orientation

signal is susceptible to noise, especially in background areas and at sharp

edges, thus a threshold-based mask based on average scattering was applied

to the tomographic volumes.

In Fig. 10.28 an axial slice through the reconstructed volume of the stapes

is shown, the slice is indicated by the shaded region in Fig. 10.28d and it is
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Figure 10.25: (a) Raw transmission image of the stapes with a grating array at α = 0ç,
β = 0ç. (b) Extracted absorption image, (c) mean scattering in arbitrary
units and (d) main orientation signals. Each pixel corresponds to one
unit cell.
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Figure 10.26: (a) Raw transmission image of the incus with a grating array at α = 0ç,
β = 0ç for the upper FOV. (b) Extracted absorption image, (c) mean
scattering in arbitrary units and (d) main orientation signals after the
stitching of the two FOVs. Each pixel corresponds to one unit cell.

located in the stapes footplate. In this region, the collagen bundles are mainly
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Figure 10.27: (a) Raw transmission image of the malleus with a grating array at
α = 0ç, β = 0ç for the upper FOV. (b) Extracted absorption image, (c)
mean scattering in arbitrary units and (d) main orientation signals
after the stitching of the two FOVs. Each pixel corresponds to one
unit cell.

oriented vertically, as in this configuration the stapes can bear load in the

footstep.

In Fig. 10.29 an axial slice through the reconstructed volume of the incus

is shown, the slice is indicated by the shaded region in Fig. 10.29d, and

it is located in the incus body and short crus. The collagen fibrils have a

higher orientation order in the body of the incus, as visible in the scattering

anisotropy image (Fig. 10.29a). In this region, the collagen bundles are mainly

oriented vertically. The upper part of the incus, known as the lenticular

process, is also interesting to study since bone formation occurs in this region.

In contrast with the long process, where the scattering anisotropy is higher,

maybe due to the inner vascular network, the lenticular process has a lower

scattering anisotropy. A study of the 3D orientations and the anisotropy at the

nano-scale of the mineralised collagen in the lenticular process of a similar

sample has been conducted with SAS-TT, and the results can be found in

Ref. [Appel2024; Schmeltz2024b].

Finally, in Fig. 10.30 an axial slice through the reconstructed volume of the

malleus is shown, the slice is indicated by the shaded region in Fig. 10.30d,
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(a) (b)

(d)(c)

Figure 10.28: An axial slice through the tomographic volume of the stapes. (a)
Scattering anisotropy in arbitrary units and (b) mean scattering signals
in arbitrary units are shown. (c) Orientation signals, where the colour
is an RGB representation of the local structure orientation. (d) 3D
visualisation of the reconstructed scattering tensor of the stapes. In
this representation, each arrow’s orientation corresponds to the main
direction in each voxel. The colour ball is symmetric with respect to
the x 2 y, x 2 z, and y 2 z planes, and it is used also for figure (c).

and it is located in the malleus neck and lateral process. In this region,

collagen fibrils are mainly oriented along the neck of the malleus.

10.2.5 Conclusions

In conclusion, our algorithm delivered 3D information without requiring

time-consuming sample preparation and slicing processes and overcoming

the common risk of structural deformation associated with histology, the

traditional technique to study the sub-micron structure of auditory ossi-

cles [Hamberger1964]. It allowed us to retrieve the main orientations of

mineralised collagen fibrils.

Applying these findings could be valuable to enhance our comprehension

of sound transmission within the human middle ear and can offer valuable

insights into the bone remodelling process within the auditory ossicles,
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(a) (b)
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Figure 10.29: An axial slice through the tomographic volume of the incus. (a)
Scattering anisotropy in arbitrary units and (b) mean scattering signals
in arbitrary units are shown. (c) Orientation signals, where the colour
is an RGB representation of the local structure orientation. (d) 3D
visualisation of the reconstructed scattering tensor of the stapes. In
this representation, each arrow’s orientation corresponds to the main
direction in each voxel.

particularly at sites where new bone formation occurs. This will be important

information for the further development and optimisation of middle-ear

surgery with potential wide-ranging benefits for patients with conductive

hearing loss.

In the future, it would be interesting to compare the results with techniques

that have higher spatial resolution, such as speckle-based tensor tomography

or SAS-TT. In these samples, the mineralised collagen fibrils exhibit many

orientations on a small scale, and forcing the final resolution to 99 µm might

be a limitation for these kinds of samples.
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Figure 10.30: An axial slice through the tomographic volume of the malleus. (a)
Scattering anisotropy in arbitrary units and (b) mean scattering signals
in arbitrary units are shown. (c) Orientation signals, where the colour
is an RGB representation of the local structure orientation. (d) 3D
visualisation of the reconstructed scattering tensor of the stapes. In
this representation, each arrow’s orientation corresponds to the main
direction in each voxel.
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10.3 cultural heritage application

This section is a revised version of a paper submitted to JINST: "X-ray scat-

tering tensor tomography with a random wavefront modulator to study 3D

microstructures in archaeological skeletal remains" by Ginevra Lautizi, Si-

mone A. M. Lemmers, Vittorio Di Trapani, Margaux Schmeltz, Alain Studer,

Marie-Christine Zdora, Ludovic Broche, Federica Marone, Marco Stampanoni

and Pierre Thibault.

10.3.1 Motivation

In biological samples such as bones and teeth, the scattering signal can

provide valuable insights into the microstructural arrangement of components

like collagen fibres or dentinal tubules, with a centimetre-scale field of view.

In this section, we present a tensor tomography experiment conducted at

the ID19-ESRF beamline in Grenoble, where we experimentally investigated

two fragments from different tissue types - cortical bone and a root dentine -

commonly analysed in archaeological and palaeoanthropological research.

In the archaeological tooth sample, dentine tubules - microscopic, hollow

channels extending from the pulp chamber to the outer dentine surface -

were of particular interest. Filled with fluid and containing extensions of

odontoblast cells, these tubules are more densely packed and wider near the

pulp, gradually becoming sparser and narrower towards the enamel-dentine

junction. Their directional organization plays a key role in the mechanical

properties of the dentine, influencing its response to stress and wear. Their

orientation offers insights into functional adaptations, such as how teeth

evolved to accommodate different diets or chewing forces, and may also

indicate stress or developmental disruptions during growth [Nanci2017;

Dean2017].

Similarly, in the archaeological bone sample, the focus was on the orientation

of collagen fibres within the bone matrix, which is crucial for the bone’s

strength and flexibility. Collagen fibres in bone can exhibit two patterns:

disorganized in woven bone, or highly organized in lamellar bone. Woven

bone, typically found in newly forming or healing bone, has randomly

arranged collagen fibres, providing quick but temporary strength. In contrast,

lamellar bone has a more orderly structure, with parallel fibres arranged in

layers within osteons, offering greater durability and mechanical stability.

The alignment of these fibres plays a critical role in the bone’s ability to

withstand forces and distribute stress, influencing its overall structure and

function during growth, repair, and regular activity.

By examining these two samples, this study aims to give a first insight into

whether tensor tomography can resolve the orientation of fibres in these

tissues, potentially advancing methodologies for studying archaeological

human remains.
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10.3.2 Experimental setup and data acquisition

X-ray tensor tomography with a sandpaper modulator was performed at

the ID19-ESRF beamline. We used the U13 undulator (bandwidth = 1%) in

combination with 2.8 mm of aluminium filter to obtain a mean energy of

26.5 keV. As a wavefront modulator, we used a diffuser made of 6 sheets

of P180 grit silicon-carbide sandpaper. As a detector, we used a PCO.edge

sCMOS detector coupled to a LuAG:Ce scintillator and a coupled objective,

featuring a pixel size of 6.5 µm. The diffuser-sample distance was 0.89 m,

while the sample-detector distance was 0.88 m. The total FOV was 1650× 1570

pixel or 10.7 mm × 10.2 mm.

To acquire the images, we followed the stair-wise acquisition protocol de-

scribed in [Kim2020; Kim2021]. For each tilt angle β, we acquired 400 projec-

tions with a continuous rotation of the sample over 360ç, while β ranged from

0ç to 45ç with an angular step of 15ç. The exposure time for each projection

was 100 ms. The reader is referred to section 10.1 for a detailed description

and characterisation of the experimental setup.

Figure 10.31: An outline of the sampled region of the analysed permanent premolar.

10.3.3 Sample preparation

The samples used in this study were remnants of histological sections pre-

pared for Ref. [Lemmers2020], originating from a historical cemetery. These

fragments were control samples for a project focused on examining bioerosion

and the preservation state of skeletal remains after heat exposure. All skeletal

remains are from adult individuals, although no additional life history data

was available. The selected bone sample concerns a femur anterior midshaft

cortical bone fragment. The dental sample concerns a root fragment of a

permanent premolar. Both fragments, despite being archaeological in origin,

were in a good preservation state with minimal signs of microbial damage.
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10.3.4 Analysis of the results

The acquired projections were analysed with the reconstruction method pre-

sented in Ref. [Lautizi2024; Lautizi2024b]. For both archaeological samples,

we used as analysis window a 10 × 10 pixels square translated by 5 pix-

els, with a resulting spatial resolution of 32.5 µm. This window is a good

compromise between a high spatial resolution and a low noise level in the

reconstructed images. The computation time also plays a role in the decision

of a proper analysis window.

For each analysis window, the 2D scattering tensor is calculated [Lautizi2024;

Lautizi2024b] and eigendecomposed. Given the eigenvalues of the scattering

tensor for each voxel, the following quantities can be derived. The mean of

the eigenvalues represents the mean scattering within a defined window. The

fractional anisotropy (FA) [Basser1996] indicates the degree of fibre alignment

within the window. Regions with a high volume fraction of well-aligned

fibres will display elevated FA values. The eigenvector corresponding to the

smallest eigenvalue signifies the preferential local fibre orientation. We will

show the above-mentioned quantities, as indicators for assessing the level of

fibre scattering, alignment, and orientation.

For both samples, the omnidirectional dark-field signal was extracted from

each projection of the tomographic dataset. The tensor sinogram was created

by combining these results to determine the entire 3D scattering tensor field.

A modified version of the alignment procedure from [Liebi2015] was used to

align the projections. Since the local structure-orientation signal is sensitive

to noise, especially in background areas and at sharp edges, a threshold-

based mask based on attenuation was applied to the tomographic volumes

of fractional anisotropy signal and orientation signal to exclude background

regions.

Root dentine

Figure 10.32a shows a raw transmission image of the tooth sample obtained

with the sandpaper modulator. The tooth fragment, a mid-section of the root

(figure 10.31), is manually rotated by 90ç and then placed on a holder. The

extracted absorption image is presented in figure 10.32b. The mean scattering

is shown in figure 10.32c. The main orientation (figure 10.32d) is represented

using the eigenvectors of the 2D scattering tensor with the shortest length

using an HSV colour scheme, where the hue (colour shade) indicates fibre

orientation projected onto the detector plane, the saturation represents the

fractional anisotropy, and the value (brightness) reflects the mean scattering

intensity.

We hypothesize that the scattering signal primarily originates from the denti-

nal tubules. As the tubules move toward the outer regions of the tooth,

their density decreases. This explains why there is an enhancement in the

central area of the sample in the mean scattering signal (figure 10.32c). It
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is important to highlight that these tubular structures are not resolved and

remain invisible in the absorption signal (figure 10.32a).

In figure 10.33 two tomographic slices (sagittal, and coronal respectively)

through the tooth sample are shown. Although dentine tubules are not

directly visible in the absorption signal, they generate scattering signals that

provide insights into the local microstructure. The main-orientation signal

confirms the expected orientation of the dentinal tubules, which run from

the dentine enamel junction to the dentine pulp border. Secondary dentine

might be responsible for the changing orientation towards the centre (pulp

chamber). In figure 10.33 the reconstructed tubules are aligned along the

central axis of the tooth (red, x axis) in the central region and fan out toward

the surface in the peripheral area (green, z axis, and blue, y axis). Despite the

archaeological origin of the tooth sample, the general strong directionality of

fibres is visible in the acquired data.
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Figure 10.32: (a) An example of one of the projections of the tooth sample with
a sandpaper modulator at α = 0ç, β = 0ç. (b) Extracted absorption
image, (c) mean scattering in arbitrary units and (d) main orientation
signals. Each pixel corresponds to a unique region of the input image
covered by overlapping windows (5 × 5 pixels).
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Figure 10.33: Two slices through the tomographic volume of the tooth fragment. A
sagittal slice of the tooth: (a) mean scattering signals in arbitrary units,
(b) main orientation signals, where the colour is an RGB representation
of the local structure orientation. The colour ball is symmetric with
respect to the x 2 y, x 2 z, and y 2 z planes. A coronal slice of
the tooth: (c) mean scattering signals in arbitrary units, (d) main
orientation signals.
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10.3.5 Cortical bone

Figure 10.34a shows a raw transmission image of the femur sample obtained

with the sandpaper modulator. The extracted absorption image is presented

in figure 10.34b. The mean scattering (figure 10.34c) is calculated as the mean

of the eigenvalues of the scattering tensor. From the main orientation signal

of this projection (figure 10.34d), it is visible how the main orientation is

along the main axis of the sample (cyan colour), as expected from a femur

fragment.

In figure 10.35, a coronal slice through the reconstructed volume of the

femur fragment is shown. The interpretation of the extracted orientations

(figure 10.35d) in this sample is not obvious. In these preliminary results,

we were able to measure a signal and therefore an information about the

sample. Due to the complex and hierarchical nature of bone and possible bone

remodelling occurring in the measured specimen, it is not clear yet where

this signal is originating from. For such complex materials, a more systematic

approach with better known bone samples and validation is necessary to first

understand the origin of the signal and possibly moving to more complex

cases. However, from the scattering anisotropy signal (figure 10.35b) and

especially from the mean scattering signal (figure 10.35c) it is possible to

identify the cement lines (white arrow), interfaces between the osteons and

the bone matrix, as vertical lines with a stronger scattering signal compared

to the rest of the bone.

10.3.6 Conclusions

In conclusion, tensor tomography has the potential to generate detailed

3D reconstructions of microstructural features in biological tissues, such as

dentinal tubules in teeth, but also demonstrates its limitations.

In the dental sample, we reconstructed the orientation and the distribution

of dentinal tubules, key determinants of dentine’s mechanical properties.

These tubules differ in size, density, and arrangement between species and

can be influenced by physiological or environmental stress. By analysing the

directional characteristics of dentine’s anisotropic structure, tensor tomog-

raphy could contribute to the understanding of differences in the feeding

behaviours of different species. For example, a change in dentine structure

could indicate adaptation to tougher diets, which could be compared between

different hominin species or across periods. The method could also have

clinical dentistry applications. As highlighted by Zaslansky et al. [Zaslan-

sky2010], understanding the 3D structure and orientation of dentine tubules

could enhance restorative procedures and improve simulations of teeth’s

mechanical properties, as well as for palaeopathology and oral health.

In addition, the first attempt of tensor tomography with cortical bone is

presented. The interpretation of the extracted orientations in this sample
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Figure 10.34: (a) An example of one of the projections of the femur sample with
a sandpaper modulator at α = 0ç, β = 0ç. (b) Extracted absorption
image, (c) mean scattering in arbitrary units and (d) main orientation
signals.
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Figure 10.35: A coronal slice through the tomographic volume of the femur frag-
ment. (a) Extracted absorption, (b) scattering anisotropy in arbitrary
units and (c) mean scattering signals in arbitrary units are shown. (d)
Orientation signals, where the colour is an RGB representation of the
local structure orientation. The white arrow indicates one cement line.
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presented challenges due to its complex microstructure [Stockhausen2021].

The imaged bone fragment, derived from an adult individual, consisted

of remodelled lamellar bone with high osteon density and lacked woven

bone. Due to the changes and layering of the orientation along the axis of

the bone and the nanoscale sizes of the collagen fibres, a more systematic

approach with better known bone samples and validation is necessary to first

understand the origin of the signal in order to visualize features of relevance.

Overall, this study illustrates some potentials and limitations of tensor tomog-

raphy for analysing the microstructural organization of archaeological human

tissues. Further advancements, such as increased resolution and a reliable

reconstruction of multiple overlapping scattering orientations within a single

analysis window, could significantly enhance the versatility and robustness

of tensor tomography. These developments would make the method even

more valuable for both archaeological research and clinical applications.
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I M A G I N G A N D TO M O G R A P H Y )

L A B O R ATO RY

During this PhD project, the development of the OPTIMATO laboratory was

significantly contributed to, including the execution of routine testing during

its construction. This chapter provides a detailed description of the new

laboratory, the study for the optimisation of the acquisition settings, and

some speckle-based imaging reconstructions with UMPA, led by Dr. Vittorio

Di Trapani. In addition, the first results in the laboratory of the proposed

omnidirectional dark-field signal extraction method are presented. The

sections 11.2 and 11.3 of this chapter are a revised version of a paper published

in Journal of Instrumentation: "Speckle-based imaging (SBI) applications

with spectral photon counting detectors at the newly established OPTIMATO

(OPTimal IMAging and TOmography) laboratory" by Vittorio Di Trapani,

Sara Savatović, Fabio De Marco, Ginevra Lautizi, Marco Margini, and Pierre

Thibault. Copyright © 2024 by Institute of Physics and IOP Publishing.

11.1 experimental setup

The OPTIMATO (OPTimal IMAging and TOmography) laboratory (Fig. 11.1)

is hosted at Elettra Sincrotrone, Trieste. X-rays are generated by a microfocal,

high-brilliance liquid-metal-jet source (MetalJet D2+, Excillum, Sweden),

having a maximum voltage of 160 kV, a power of 250 W, and adjustable focal

spot sizes (g 15 µm). This source can emit photons on two opposite sides,

enabling two semi-independent imaging branches. The experimental setup

is housed in a 7 m × 2.5 m lead-shielded hutch. The first branch, which we

will refer to as the "long branch" uses two optical tables (2 m × 0.8 m each)

for a maximum source-detector distance of 4 m. The second branch or "short

branch" uses a single table, allowing a maximum source-detector distance of

2 m.

The short branch, currently under development and not used for this work, is

for high-resolution imaging with resolutions between 0.65 2 3.3 µm, achieved

using an X-ray microscope coupled with an sCMOS camera. In the short

branch, the propagation distance is up to 2 m. This setup includes an X-ray

microscope (Optique Peter, France) with an sCMOS PCO edge 5.5 camera

(PCO AG, Germany), featuring a pixel size of 6.5 µm and an active area of

2560 × 2160 pixels. The microscope has scintillator holders and objectives

with 2×, 4×, and 10× magnifications. For high resolution, the system

includes precise translation and rotation stages, allowing CT scans with

153
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nanometric precision (SLC 2 1730 Linear Piezo Stage, SmarAct, Germany)

and high-resolution rotation (air-bearing direct-drive rotary stage, Aerotech

Inc., USA).

The long branch is dedicated to modulation-based imaging applications and

micro-CT (Fig. 11.2). In the long branch, the propagation distance is up to

4 m. This branch features two detectors: the LAMBDA 350k (X-Spectrum,

Germany), an X-ray photon counting detector (XPCD) with 3 × 2 Medipix3

chips and a 1 mm thick CdTe sensor, with an active area of 28 mm × 42 mm

and a pixel pitch of 55 µm. The Medipix3 chip operates in single-pixel mode

or charge-summing mode, the latter overcoming charge-sharing issues for

optimal resolution. The second detector in the OPTIMATO laboratory is

a flat-panel detector (FPD): a Varex Imaging 1512 CMOS camera with a

200 µm CsI scintillator, an area of 145 mm × 115 mm, and a pixel pitch of

74.8 µm. Samples can be mounted on a Meca500 robotic arm (Mecademic

Robotics, Canada) with 5 µm repeatability and six degrees of freedom, ca-

pable of translations and tomographic acquisitions, making it ideal for CT

setups. Wavefront modulators like sandpaper or gratings can be mounted on

motorized translation stages for horizontal and vertical motion. The spatial

resolution in this branch is limited by the source size.

All instrumentation is connected to a control computer via Ethernet. An

in-house developed Python-based software (labcontrol) manages the detec-

tors, motors, and source, allowing complex acquisitions through scripts. The

software also collects metadata (source voltage, current, detector settings,

motor positions) stored in .h5 files along with the frames. A live viewer

based on the Python napari library monitors the frames during alignment

and acquisition. Files are organized by investigation (global topic), exper-

iment (specific sample), and acquisition (e.g., CT scan, planar acquisition,

modulation-based imaging acquisition). For a more detailed description of

the laboratory, the interested reader is referred to Ref. [DiTrapani2024].

X-ray 

microscope

Rotation 

stage

Source
Flat panel

Photon 

counting

Robotic 

arm

Figure 11.1: Image of the OPTIMATO laboratory setup showing the main compo-
nents in the two branches.
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Figure 11.2: Render of the long branch. In yellow the diffuser holder, in pink the
robotic arm, in blue the photon counting detector. Image courtesy of
Fabio De Marco.

11.2 speckle visibility

A key application for this type of laboratory is speckle-based imaging (SBI). In

SBI, the visibility of the speckles increases with both transverse and temporal

coherence at the diffuser plane, and it is crucial for retrieving differential-

phase and dark-field signals. Transverse coherence improves with greater

source-diffuser distances and smaller source sizes, while temporal coherence

is enhanced by the monochromaticity of the X-ray beam. These factors explain

why SBI is particularly well-suited for synchrotron facilities, which offer long

propagation distances, monochromatic radiation, parallel-beam geometry,

and high fluence rates.

When adapting SBI from synchrotron to laboratory sources, several limitations

arise. Temporal coherence is constrained by the polychromatic nature of

the X-ray beam, and transverse coherence is restricted by the finite source

size and shorter propagation distances achievable in a laboratory setting.

Unlike synchrotron sources, where X-ray wavefronts can be approximated as

plane waves, laboratory setups typically use a cone-beam geometry. In this

case, propagation effects are described by spherical waves, and the effective

propagation distance (zeff), needed to achieve results comparable with a

parallel beam, is determined by the Fresnel scaling theorem [Paganin2006]:

zeff = z/M, (11.1)

where M is the geometrical magnification and z is the sample-detector dis-

tance. Therefore, for a cone-beam geometry, larger distances are required.

Optimization of acquisition settings, such as the effective propagation dis-

tance and the selection of an appropriate detection system, is crucial in

overcoming the limitations of a laboratory-based SBI setup. The cone-beam

geometry requires careful consideration of the source-detector and source-

diffuser distances. According to the Fresnel scaling theorem, the effective
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propagation distance is given by the ratio of the sample-detector distance

(z) to the magnification factor (M), i.e., zeff = z/M. For the long branch

setup at the OPTIMATO laboratory, the maximum zeff, and thus the visibility

enhancement from propagation effects, is limited by this magnification. Plots

illustrating the effective propagation distances achievable under various con-

ditions at the OPTIMATO laboratory are provided in Fig. 11.3. It is visible

how, for a given source-detector distance, the maximum effective propagation

distance is obtained for magnification M = 2. Therefore, for a propagation

distance in the long branch of to 2 m, the maximum effective propagation

distance is zeff = 1 m.
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Figure 11.3: Effective propagation distance as a function of the magnification for
different source-detector distances. Reprinted with permission from
[DiTrapani2024].

Once the effective propagation distance has been optimised, the selection

of an appropriate detection system is fundamental in the optimisation of a

laboratory-based SBI setup. To improve speckle visibility, a detector with

a high spatial resolution is desirable. The spatial resolution of a detection

system is typically characterized by the point spread function (PSF) [Cun-

ningham2000]. In cone-beam X-ray setups, the system’s PSFsys is influenced

by the detector’s PSFdet, the magnification (M), and the source size (D), as

expressed by the following equation [DiTrapani2024]:

PSFsys =

√

(

PSFdet

M

)2

+

(

M 2 1

M

)2

· D2. (11.2)

Eq. 11.2 indicates that increasing M can enhance spatial resolution up to the

limit set by the source size (PSFsys g D). However, the effective propagation

distance decreased for M > 2 as seen in Fig. 11.3. Thus, to maximise speckle

visibility, an inherently higher spatial resolution detector, with a small PSFdet,

is desirable.

We compared the PSFsys and the speckle visibility in the OPTIMATO labora-

tory for two detectors: the LAMBDA (XPC) and the Varex (FPD), as described

in section 11.1.
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We used the slanted edge method [Samei1998] to calculate the full-width at

half maximum (FWHM) of the presampling PSFs. It was determined to be

(130 ± 3)µm for the FPD and (49 ± 3)µm for the XPCD. Fig. 11.4a illustrates

the spatial resolutions achievable with the XPCD and FPD as a function of

magnification. The XPCD provides superior spatial resolution, particularly

near M = 2, where effective propagation distance is maximized, enhancing

propagation effects.

We conducted speckle visibility measurements for both detectors, varying the

source-diffuser distance, and keeping the source-detector distance fixed at

150 cm. Four layers of P120 sandpaper were used as the diffuser. Visibility

was calculated as the ratio of the standard deviation (σ) to the mean (µ) of

the speckle pattern. Figure 11.4b shows the measured speckle visibility as a

function of magnification. The results reveal that the XPCD outperforms the

FPD. Additionally, the highest visibility for both detectors was observed at

M = 2, corresponding to the maximum zeff, as seen in Fig. 11.3.
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Figure 11.4: (a) PSFsys as a function of the magnification for the XPCD and FPD
available in the long branch, and a source size of D = 20 µm. (b)
Visibility as a function of the magnification obtained with the FPD and
the XPCD placed at 150 cm from the source. Reprinted with permission
from [DiTrapani2024].

11.3 the first sbi images

After finding the parameters for an optimised speckle visibility and spatial

resolution, two SBI scans were conducted, both for the XPCD and the FPD.

Four layers of P120 sandpaper were used as the diffuser. The source-detector

distance was set at 150 cm, the source-diffuser distance was 75 cm, and the

magnification was M = 2. The sample, consisting of a water-filled pipette

tip, a beetle attached to a pipette tip, and a wooden toothpick, was placed

80 cm from the source. For the XPCD, dead pixels and artefacts from CdTe

charge trapping, which could interfere with the speckle tracking algorithm,

were filtered using the method in [DiTrapani2021]. With both detectors, an

equivalent exposure time per projection of 60 s was used, ensuring a visible

speckle pattern over the Poissonian noise. Multiple images were taken and

averaged for each projection to improve photon statistics. In addition, 20

diffuser positions were captured.
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The images were then processed using the new version of UMPA [De-

Marco2023]. This processing produced the transmission (T), dark-field (df),

and horizontal differential-phase (dx) signals. The results of the analysis are

shown in Fig. 11.5.

(a)

(b)

Figure 11.5: Transmission (T), dark-field (df), and horizontal differential-phase (dx)
images reconstructed with UMPA from SBI datasets acquired with (a)
XPCD, (b) FPD. Reprinted with permission from [DiTrapani2024].

From a visual inspection of the dark-field and differential phase images in

Fig. 11.5, it is clear how the XPCD clearly distinguishes sample features from

the background, while the FPD images is more subject to noise, leading

to lower-quality UMPA reconstructions. This result is largely due to the

higher speckle visibility provided by the XPCD. The results suggest that the

visibility of about 3% achieved by the FPD is insufficient for reliable SBI

reconstructions using UMPA. It is worth noting that while the FPD may not

be ideal for SBI with sandpaper diffusers, it might still be possible to use

it for SBI with custom diffusers made of more absorbent materials. It is

also important to recognize that FPDs, with their large detection areas, are

valuable for propagation-based imaging and conventional micro-CT of large

samples.

The XPCD in the long branch also supports spectral imaging applications. In

Fig. 11.6 a spectral decomposition is shown, using three materials on the same

sample used in the SBI scans (Fig. 11.5). For this spectral acquisition, three

absorption images were taken at different energy thresholds (13 keV, 23 keV,

and 26 keV). The three thresholds divided the spectrum into three energy

ranges with an equal photon count. The total exposure time for each projec-

tion was 60 s. Material decomposition was performed using the minimum

residual spectral decomposition algorithm presented in [DiTrapani2022].

Three material bases were used: CaCO3, water, and carbon. The results

in Fig. 11.6 demonstrate the system’s ability to differentiate between water

and plastic pipettes and accurately identify CaCO3 in the beetle’s carapace.

If combined with phase, dark-field, and transmission signals, this spectral

decomposition significantly enhances the diagnostic potential of the setup.
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(a) (b)

(c) (d)

Figure 11.6: Spectral imaging applications on a validation sample. (a) Absorption
radiography. Overlay of the absorption radiography with the decom-
posed bases: (b) CaCO3 (red), water (blue), and carbon (yellow). (c)
CaCO3 and carbon. (d) CaCO3 and water. Reprinted with permission
from [DiTrapani2024].

11.4 omnidirectional dark-field signal extraction

SBI images were acquired in the long branch of the OPTIMATO laboratory

(Fig. 11.7a). For this application, the test sample was built placing in sequence

four samples already scanned at synchrotron, three carbon fibre composites

and a fossil tooth: the "T-shape" sample and the "notch" sample described in

section 10.1, the carbon fibre cross described in section 7.4.1, and the fossil

tooth described in section 10.3. An image of the four samples is shown in

Fig. 11.7b.

We used the optimised parameters with which we scanned the first SBI

images in section 11.3. We used four layers of P120 sandpaper as a diffuser,

and the LAMBDA 350k (XPCD) as a detector. This detector has an active

area of 28 mm × 42 mm, with a pixel pitch of 55 µm. The source-detector

distance was set at 150 cm, the source-diffuser distance was 75 cm, and the

magnification was M = 2. The sample-diffuser distance was 8 cm. We used

a tube voltage of 60 kV, and additionally filtered the beam with 1.08 mm of

aluminium. The images were taken with a detector’s energy thresholds of

13 keV. The exposure time for each projection was 3 s. Multiple images (10)

were taken and averaged for each projection to improve photon statistics. SBI

scans were performed using the diffuser-stepping method, where the diffuser

is laterally translated (40 different positions), while the sample remains

stationary, to achieve a higher spatial resolution [DeMarco2023].

The images were then processed using the new version of UMPA [De-

Marco2023]. This processing produced the transmission (T), dark-field (df),

and horizontal and vertical differential-phase (dx, dy) signals. The results of

the analysis are shown in Fig. 11.8.
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(a) (b)

Figure 11.7: (a) An image of the experimental setup showing the sample with the
sample holder and the diffuser with its motors. (b) An image of the
validation sample, obtained placing in sequence three carbon fibre
composites and a fossil tooth.

(a) (b)

(c) (d)

Figure 11.8: Results of the UMPA analysis on the validation sample made for the
omnidirectional dark-field signal extraction. (a) Transmission, (b) dark-
field, (c) horizontal and (d) vertical differential-phase images recon-
structed with UMPA from SBI datasets acquired with the XPCD.

From a visual inspection of Fig. 11.8, a column of dead pixels and several

dead pixels are visible in the reconstructed images, particularly in the dark-

field image. The tooth is too dense and thick for this setup, therefore it suffers

from beam starvation. The vertical and horizontal features of the carbon fibre

cross and the T-shape sample are correctly reconstructed in the horizontal

and vertical differential-phase images.

The SBI images were then analysed with the algorithm described in chapter 8

to extract the omnidirectional dark-field signal. Since the pattern created by

the sandpaper is random, there is no periodic unit cells, hence the analysis

window can be of arbitrary size. We chose a square analysis window with

size 5 pixels, or 275 µm, and we translated the window with a step size of 1

pixel in order to cover all the image.
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In Fig. 11.9 the results of the omnidirectional dark-field signal extraction

method are shown. In Fig. 11.9a, a raw transmission image is visible. The

near-field speckles are visible, and their blurring due to strong scattering from

the sample can be observed, even if not intense. The extracted absorption

image is shown in Fig. 11.9b, while the mean scattering is shown in Fig. 11.9c.

The pixels at the border of the chips, bigger than the others, are clearly

visible in the mean scattering image since in these pixels the visibility of

the speckles is lower and therefore the dark-field signal extraction method

struggles. The main orientation (Fig. 11.9d) is the HSV representation of

the 2D eigenvectors with the shortest lengths, where the hue (colour shade)

is the fibre orientation projected onto the detector plane, the saturation is

the fractional anisotropy, and the value (brightness) is the mean scattering

intensity. The results in Fig. 11.9d show that the main orientation signal

matches with the expected orientation of the fibres (cyan along the vertical

axis and red along the vertical axis), thus demonstrating the effectiveness

of the proposed method for random reference patterns as well. Since the

tooth was subject to photon starvation, it was not possible to obtain relevant

orientations. In the near future, we plan to optimise the choice of the diffuser,

for an enhanced visibility, resulting in a stronger dark-field signal.

(a) (b)

(c) (d)
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Figure 11.9: Results of the omnidirectional dark-field signal extraction on the val-
idation sample made. (a) Raw transmission image. (b) Extracted
absorption image and (c) mean scattering signals. (d) Main orientation
signals in green and red, contrast has been enhanced for visualization
purposes.

11.5 conclusions

In this chapter, a newly developed X-ray setup at the Elettra synchrotron was

presented. This versatile setup is designed for various imaging applications,
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including absorption radiography, micro-CT, propagation-based imaging,

X-ray modulation-based techniques like SBI, and spectral imaging.

Initial SBI tests in the long branch showed that XPCDs offer superior image

quality compared to traditional FPDs, especially for differential-phase and

dark-field images, due to their higher speckle visibility. This makes XPCDs

crucial for adapting SBI from synchrotron sources to compact X-ray laborato-

ries. Additionally, their spectral capabilities broaden the range of potential

applications.

Moreover, the omnidirectional dark-field signal extraction analysis confirmed

the effectiveness of the proposed method, accurately identifying the orien-

tation of fibres in the sample, even with a random wavefront marker and a

laboratory source. However, issues like dead pixels and low visibility have to

be tackled in the near future.

Future work will aim to optimize the diffuser to enhance visibility and

strengthen the dark-field signal, thereby improving the quality of the recon-

structed images. Future developments include the acquisition of a full tensor

tomography dataset to test the algorithm described in chapter 7 also with a

laboratory source. In addition, the development of the short branch, enabling

resolutions between 0.65 2 1 µm, will create, together with the long branch, a

multimodal and multi-resolution X-ray facility for the scientific community.



12 S U M M A RY, C O N C LU S I O N S , A N D

O U T LO O K

The main focus of this thesis was on the development and application of

advanced X-ray imaging techniques: modulation-based dark-field imaging

and X-ray scattering tensor tomography. In this thesis, all stages of the

research process were conducted by the author. This includes the proposal

writing for the synchrotron facilities, experimental design and execution,

development of new algorithms, data collection and analysis, and the writing

of research papers associated with this work, unless otherwise explicitly

stated in the respective chapters or sections of the thesis.

In this chapter, the main conclusions of each chapter contained in this thesis

are presented, along with the directions of future research studies.

12.1 speckle-based dark-field damage detection

in cfrp

With this study, we have demonstrated that by using dark-field radiography,

it is possible to effectively visualise barely visible impact damage in carbon-

fibre reinforced polymers. We examined two samples: one primarily affected

by matrix-cracking damage, and the other characterised by delamination

damage. In both cases, traditional transmission radiographs revealed little to

no damage apart from the impact point, while dark-field radiographs clearly

highlighted the damage. This study was the first demonstration of speckle-

based dark-field imaging applied to detect barely visible impact damage.

In addition, we were able to extend the field of view by using the UMPA

algorithm, which combines multiple frames from different sample positions.

At present, a limitation of the method lies in the artefacts caused by variations

in the X-ray beam’s intensity across the various frames used to produce the

final images. These artefacts cannot be corrected using intensity corrections,

as the beam’s location on the detector also fluctuates. These artefacts hinder

a straightforward segmentation and have to be addressed in the future.

In the future, this approach has the potential to become a standard method

for rapid non-destructive testing in laboratory settings. Additional samples,

with different damage extensions, will also be investigated in the laboratory.
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12.2 a multimodal x-ray tomography study for the

evaluation of the microstructural changes

in biological tissues

We demonstrated the application of a combined propagation-based imaging

and modulation-based imaging study to perform virtual histology on both

ovarian and hepatic tissues. By exploiting phase tomograms, we were able to

extract detailed structural information, enabling further analysis of various

functional parts of the organs, such as follicles in the ovary and lipidic

aggregates in the liver. This approach allowed a deeper understanding of

the microvasculature and tissue architecture, revealing the effects of clinical

cryopreservation on ovarian tissues and improving the understanding of

hepatic tissue structure, particularly in relation to steatosis diagnosis.

These measurements were originally designed for a dark-field analysis of

the microstructural changes in ovarian tissue and the sub-micrometer lipidic

aggregates in hepatic tissue. However, the dark-field signal was severely

affected by beam instabilities. Additionally, the sample preparation was not

optimal, as this was also a test experiment for the collaborators. Moreover,

a phase gradient is still present in the reconstructed liver volumes. Further

analysis is required to address these artefacts, which are likely caused by

edge-enhancement effects that are not accounted for in UMPA.

Future work could include revisiting dark-field analysis of sub-micrometer

lipidic aggregates in hepatic tissues using different samples and improved

resolution to minimise beam instabilities. We believe this method could

significantly advance the study of microanatomy and tissue changes during

maturation or clinical procedures.

12.3 a universal reconstruction method for x-ray

scattering tensor tomography based on wave-

front modulation

To overcome the limitations of previous omnidirectional dark-field extraction

methods, we presented a general algorithm applicable to a wide range of

X-ray imaging approaches that have access to the scattering signal, without

the need for additional regularisation. We demonstrated its effectiveness for

three different full-field dark-field imaging setups: a circular phase-grating

array, a fractal wavefront modulator, and a sandpaper diffuser. We validated

the results using grating interferometry by comparing them with previous

studies. The presented algorithm lays the groundwork for tensor tomography

using speckle-based imaging, enabling the complete reconstruction of tensor

tomograms with a simpler setup and optics. This simplicity enhances the

potential for its adoption in laboratory environments, making it accessible

to a broader user community. The main distinction from earlier methods
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is that our approach offers a full-field technique applicable to a variety of

wavefront modulators, including non-periodic ones. Unlike previous works,

our method extracts the scattering signal and reconstructs the full tensor field,

not just the scattering along predefined directions.

Different full-field dark-field imaging setups (gratings, fractal, and speckle)

have been tested. While the fractal modulator showed low visibility of

the pattern, requiring optimization of both the setup and the modulator

itself, the grating array and the random modulator both enabled successful

reconstructions. Both setups have their respective strengths and limitations.

The random modulator offers greater flexibility, allowing for the tuning of

distances and spatial resolution, while the grating array provides higher

visibility and enables single-shot acquisitions. The choice of modulator

depends on the sample type. For industrial samples, where high spatial

resolution is not required and fast acquisition is preferred, the grating array

is more effective. On the other hand, for complex samples where resolving

small structures is critical, and setup flexibility is advantageous, the random

modulator is preferred. Further research is needed to enhance the quality of

the random modulator to achieve higher visibility, particularly when using

laboratory sources.

At present, a limitation of the reconstruction method arises when multiple

scattering orientations overlap within a single analysis window, resulting in

a mixed orientation that hinders accurate reconstruction. Further research is

needed to develop a model that accounts for multiple scatterers.

Nevertheless, the proposed innovative method can benefit multiple fields,

including medical physics for studying bone microstructures and material

physics for characterising fibre-reinforced materials. In the future, our ap-

proach could potentially become a standard method for rapid non-destructive

testing in laboratory settings.

12.4 a robust dark-field signal extraction for mod-

ulation-based x-ray tensor tomography

After paving the way with our versatile reconstruction method, we intro-

duced the first demonstration of speckle-based tensor tomography, achieved

by developing a novel method to efficiently extract the X-ray directional

dark-field signal from data obtained using a random diffuser. Formulating

the problem using a weighted linear least-squares approach ensured the

numerical stability necessary for accurate reconstructions. The effectiveness

of this method was validated through speckle-based imaging projection scans

on various samples, with results compared to prior studies on the same

sample. Our new algorithm showed improved stability, producing dark-field

images with significantly less noise than our previous approach.
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The proposed method, adaptable to various data acquisition schemes, opens

up new possibilities for applying X-ray scattering tensor tomography with

a non-periodic X-ray beam modulator. Our approach reconstructs the full

tensor field independently of the experimental setup.

Given the experimental simplicity of speckle-based imaging, which has

already been demonstrated in laboratory environments, speckle-based tensor

tomography can also be implemented using laboratory sources, making it

accessible to a wider user community. In the near future, we plan to adjust

the acquisition process by exploring a sample-stepping approach, rather than

diffuser-stepping, to expand the field of view and reduce acquisition time.

Moreover, a current limitation of the model is that only a single orientation

is extracted for each analysis window of a projection. Ongoing research is

focused on improving reconstruction reliability when multiple scattering

orientations overlap within a single analysis window, which could greatly

enhance the method’s versatility and robustness.

12.5 a numerical wave-optics simulation model for

speckle-based imaging

After validating modulation-based X-ray tensor tomography, we introduced a

numerical wave-optics simulation model tailored for speckle-based imaging.

Just as speckle-based imaging experiments can be conducted under various

setup conditions, the simulation allows setup parameters, such as beam type,

geometry, sandpaper type, and diffuser steps, to be adjusted. We provided

several examples, including the simulation of a speckle-based imaging mea-

surement on a carbon fibre cross, which we successfully analysed using

the UMPA algorithm and our omnidirectional dark-field signal extraction

model. Additionally, we simulated a small-angle scattering experiment and

an X-ray tensor tomography experiment, successfully reconstructing the main

orientation of sub-resolution microstructures.

A current limitation of the simulation is the speed of the sinogram generation

process. The projections are calculated using the TIGRE library, which

also allows for easy implementation of cone-beam geometry. It would be

interesting to try generating projections using the ASTRA toolbox, after

correctly defining the geometry, and compare the computational speed of the

two methods.

In the future, this simulation will serve as a powerful and flexible tool

for investigating new configurations and optimising experimental setups,

especially for modulation-based imaging and tensor tomography applications.

Future work could involve testing different configurations, such as laboratory

setups, and comparing the simulated outcomes with experimental data

acquired in the laboratory.
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12.6 applications of modulation-based x-ray ten-

sor tomography

We validated our reconstruction algorithm for modulation-based X-ray tensor

tomography using a sandpaper modulator at a fourth-generation synchrotron.

Using our reconstruction algorithm, we were able to determine the main

orientations of carbon fibres in aerospace-grade unidirectional carbon-epoxy

composites, with have a great relevance to sustainable engineering.

In the future, it would be interesting to apply this method to materials sub-

jected to low-velocity impact testing, which display cracks and delamination,

as well as to composites made from recycled carbon fibres, where re-oriented

fibres could be mapped for better characterisation.

In another application, we showed how our algorithm successfully deliv-

ered 3D main orientations of mineralised collagen fibrils in the auditory

ossicles, offering insights into bone remodelling and potential improvements

in understanding sound transmission in the middle ear. This could lead to

advancements in middle-ear surgery and benefit patients with conductive

hearing loss.

In a future research, we could compare these results with higher-resolution

techniques like speckle-based tensor tomography or scanning small-angle

scattering, especially since the complex orientations of collagen fibrils at the

sub-micron scale might be better captured with higher resolution methods.

Finally, we provided a detailed 3D reconstructions of key microstructural

features in cultural heritage samples, such as fossilised teeth and bones. In

the case of a fossil tooth, our technique could reveal the orientation and

distribution of dentinal tubules, which are crucial for understanding the

dentine’s mechanical properties. Differences in the arrangement of these

tubules may reflect dietary adaptations, offering insights into the dietary

behaviours of ancient species and primates. In the future, our method

could be exploited in both palaeontological studies and potential clinical

applications.

For fossil bones, such as the femur fragment studied in this thesis, tensor

tomography could also extract a signal and therefore an information about

the sample. Given the variations in orientation along the bone axis and the

nanoscale size of collagen fibres, a more systematic approach using well-

characterized bone samples and proper validation is required to understand

the origin of the signal and accurately visualise relevant features.

12.7 the optimato laboratory

In the last chapter of this thesis, we introduced a newly developed X-ray

laboratory setup, designed for a wide range of imaging applications, such
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as micro-CT, propagation-based imaging, X-ray modulation techniques like

speckle-based imaging, and spectral imaging. Initial tests with speckle-

based imaging in the long branch demonstrated that X-ray photon-counting

detectors provide better image quality than traditional flat-panel detectors,

making photon-counting detectors necessary to adapt speckle-based imaging

from synchrotron sources to compact X-ray laboratories. After validation at

the synchrotron and simulations, we validated our omnidirectional dark-field

signal extraction method also in the laboratory, successfully determining the

orientation of fibres in the sample.

A full tensor tomography dataset has not yet been acquired due to mechanical

issues with the manipulator and the source. The sandpaper diffuser may not

be an ideal modulator for a laboratory source, as it results in low visibility,

requiring longer acquisition times. To enable efficient tensor tomography

acquisition in a laboratory setup, a different random diffuser with higher

visibility would be necessary.

In the future, challenges like dead pixels and low visibility need to be ad-

dressed. Future efforts will focus on optimising the diffuser to improve

visibility and enhance the dark-field signal, which will lead to better image

reconstruction. A longer propagation distance would also help in a resulting

higher visibility. In addition, we plan to acquire a complete tensor tomog-

raphy dataset to test our tensor tomography algorithm with a laboratory

source. Finally, the development of a short branch with higher resolutions

will complement the long branch, creating a multimodal, multi-resolution

X-ray facility for the scientific community.

12.8 final remarks

This thesis work has advanced the field of X-ray imaging by developing

and applying innovative techniques, such as modulation-based directional

dark-field imaging and X-ray scattering tensor tomography. These methods

have been demonstrated across a variety of applications, including damage

detection in carbon-fibre reinforced polymers, virtual histology of biological

tissues, and orientation mapping of fibres in both composite materials and

biological structures.

The introduction of a universal reconstruction algorithm, adaptable to dif-

ferent imaging setups and applicable in laboratory environments, marks a

significant step toward making these advanced techniques accessible to a

broader community of researchers.

Future research will aim to address current limitations, such as improving

the signal extraction of overlapping scattering orientations and enhancing

the visibility in laboratory setups. Optimising acquisition processes and

extending these techniques to study materials under different conditions,
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such as recycled composites and impacted samples, will further expand the

scope and utility of this work.

The establishment of the OPTIMATO laboratory also promises to create a

versatile platform for multimodal, multi-resolution X-ray imaging, supporting

a wide range of scientific investigations in the years to come.

Together, these developments contribute significantly to the future of X-ray

imaging, promising further applications in both materials science and medical

research.
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