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Abstract

Freeze-thaw cycling is a major durability issue in cement-based materials, as water within
its pores can freeze, expand and generate internal stresses that contribute to cracking
and material degradation. Understanding how pores, water distribution and deformation
evolve during repeated temperature cycles is therefore important for improving the dura-
bility of these materials. This thesis investigates freeze-thaw behaviour in a cement mortar
specimen using X-ray tomography data acquired during repeated freezing and thawing.
Although the experiment included both X-ray and neutron tomography, the scope of this
work focuses only on the X-ray data.

A Python-based workflow was developed to analyse the tomographic datasets. The work-
flow involves image preprocessing, global rigid registration, Digital Volume Correlation
(DVC), strain analysis and joint histogram-based pore segmentation. The DVC and strain
analysis were performed using SPAM, while segmentation was performed using evoSegment.
The pipelines were designed to be reusable for future analysis at the European Spallation
Source (ESS).

The initial global registration study showed that using a representative image range, ex-
cluding regions affected by artefacts, improved both alignment quality and computational
efficiency. The DVC parameter study identified a half-window size of 20 pixels, node spac-
ing of 20 pixels and search range of 20 pixels as a good compromise between convergence,
resolution and computational cost. The strain analysis showed that DVC can identify re-
gions of deformation and cracking, especially near the specimen perimeter. However, the
absolute strain magnitudes should be interpreted with caution due to edge effects caused
by the strain algorithm, cracking, fragment movement and image noise.

The joint histogram-based pore segmentation showed differences between inner, interme-
diate and outer pores. Outer pores were generally more affected by freeze-thaw cycling,
showing water loss and nearby crack formation. In contrast, inner and intermediate pores
were mainly air-filled and showed no visible cracking, with water appearing to redistribute
internally rather than leaving the pore.

Overall, the workflow provides a useful basis for analysing deformation, cracking and pore
evolution during freeze-thaw cycling. Future work should focus on validating the results
with neutron data, improving boundary and registration handling, and analysing a larger
number of pores and specimens to quantify water redistribution and damage development
more systematically.
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Chapter 1

Introduction

Concrete forms the backbone of our built world, serving as the fundamental material upon
which modern infrastructure depends. This dependency comes with an environmental cost,
as the production of one of concrete’s most common binders, Portland cement, accounts
for approximately 7 % of global carbon dioxide emissions. This creates a strong incentive
to not only use concrete efficiently but also to extend its lifespan [1, 2].

Concrete is a multiphase composite of water, cement and aggregates, valued for its dura-
bility, yet in cold climates its lifetime is often shortened by persistent and recurring freeze-
thaw cycles. Water trapped within the material’s pores freezes and expands by up to 9
% in volume, generating internal stresses that crack and weaken the material over time.
Understanding how these processes propagate and how the material behaves during tem-
perature cycling is crucial for understanding and improving concrete’s durability, resilience
and longevity [2-5].

The thesis is part of a larger project investigating freeze-thaw processes in cement mortar
using combined X-ray and neutron tomography, although this work is limited to the X-ray
tomography data. The objective of this thesis is to analyse freeze-thaw processes in ce-
ment mortar by processing X-ray data from controlled temperature cycles, with a focus on
changes in pore structure, water distribution and internal deformations. To achieve this,
a Python-based workflow to perform registration, pore segmentation and strain analysis is
developed, providing a useful and adaptable framework for evaluating future datasets at
the European Spallation Source (ESS).

This chapter serves as an introduction for the study by introducing the NeXT instrument,
principles of dual-modality X-ray and neutron tomography, and the material properties of
the cement mortar system to be examined.

1.1 ILL NeXT

The experimental datasets used in this study were acquired from the Neutron and X-ray
Tomography (NeXT) instrument at the Institut Laue-Langevin (ILL) in Grenoble, France.
NeXT is a dual-modality imaging instrument that enables combined neutron and X-ray



computed tomography (CT). The combination allows the solid structure, air and water or
ice within the material to be observed simultaneously, making the instrument well suited
for studying freeze-thaw behaviour [6].

1.1.1 Dual-Modality Imaging: X-ray and Neutron Tomography

Dual-modality imaging combines two complementary imaging techniques that highlight
different material components based on how they interact with matter. In this study,
the provided dataset combines X-ray and neutron computed tomography, where X-ray
CT produces three-dimensional tomographies with contrast based on material density.
Dense components such as mineral grains and the cement matrix absorb X-rays strongly,
producing clear images of pores, cracks and solid phases. In contrast, materials with low
density, such as water, absorb fewer X-rays and are therefore poorly resolved. Neutron CT
instead produces three-dimensional tomographies with contrast based on the interaction
of neutrons with light atomic nuclei, such as hydrogen, making water and air visible. The
information obtained from neutron imaging depends on neutron energies, where lower-
energy neutrons (cold neutrons) are commonly used for imaging due to their high sensitivity
to hydrogen-containing materials such as water. While higher energy neutrons (thermal
neutrons) are of shorter wavelength and therefore useful for investigating atomic-scale
structures and interactions. The provided datasets from the ILL NeXT instrument were
acquired using a white neutron beam, covering a broad energy range and providing access
to both types of information simultaneously. Together, X-ray and neutron CT provide
complementary three-dimensional information about the specimen, where X-ray CT maps
the solid matrix and pore structure, while neutron CT is expected to provide information
on water movement and phase changes [7-9].

1.1.2 Tomography

In both X-ray and neutron imaging, tomography refers to the reconstruction of the internal
structure of a specimen from a series of two-dimensional projections acquired at different
angles. Each projection represents a line integral of the material’s attenuation along the
beam path. The projections can be arranged into sinograms, which represent the mea-
sured signal as a function of rotation angle and detector position. The sinograms provide
an intermediate representation of the data and form the basis for reconstruction. Recon-
struction algorithms, such as filtered back projection (FBP), combine these projections
into cross-sectional slices, which can then be combined into a complete three-dimensional
volume. A schematic of the process is presented in Figure 1.1 [10, 11].

1.2 Cement Mortar

Cement is a mass produced binding material used to hold construction materials together
and forms the basis of both concrete and mortar. When mixed with water, it hydrates and
hardens into a porous cement paste that binds to surrounding particles. Mortar consists
of cement, water and sand, while concrete additionally contains coarse aggregates. Air-
entraining agents (AEAs) are often added to intentionally introduce small air voids within
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Figure 1.1: Schematic overview of an X-ray tomographic reconstruction workflow. 1. Projection images are acquired at
multiple rotation angles as the beam passes through the specimen. 2. For one cross-sectional slice, the same detector row
is extracted from each projection image (red line). 3. These rows are stacked as a function of projection angle to form a
sinogram. 4. The same procedure is repeated for all detector rows. 5. Each sinogram is reconstructed, here using filtered
back-projection (FBP), to obtain cross-sectional slices of the specimen [10, 11].

the cement paste in order to improve the resistance to freeze-thaw damage by providing
space for the water to expand upon freezing, thus reducing internal stresses. The hard-
ened cement paste contains a complex pore system, through which water, air and dissolved
ions move, spanning several orders of magnitude in size from nanometre-scale gel pores to
larger capillary pores to micrometre-scale air voids. Pore size, distribution, connectivity
and porosity affect strength and durability. The freezing point of water is also dependent
on pore size, where smaller pores freeze at lower temperatures, a relationship governed by
the Gibbs-Thomson effect [3, 12-14].

Water and ice movement within the pore system, and the associated pressure build-up,
have been explained through different hypotheses. Rather than one mechanism fully ex-
plaining the build-up and subsequent damage, the process is likely controlled by a com-
bination of interacting mechanisms. The hydraulic model describes how unfrozen water
is forced through the capillary and gel pore network as ice forms and expands. The os-
motic model relates the movement of water to concentration differences which develop
when ions are left as pure water freezes to ice. The crystallisation pressure theory relates
damage to the overpressure exerted by growing ice crystals on the surrounding pore walls.
The micro-ice lens model describes how the temperature difference between frozen and
unfrozen pores generates a negative pressure in the gel water during cooling, acting like a
piston that drives unfrozen water out of the gel matrix and toward the ice-filled larger pore.
These mechanisms show that freeze-thaw damage is controlled not only by the presence
of water, but also by pore structure, degree of water saturation, ion concentration and
the duration of water exposure. The longer the material remains in contact with water,
the higher the degree of saturation becomes, progressively reducing the capacity of the air
voids accommodating ice expansion [4, 15-18].



Chapter 2

Theory

This chapter introduces the theoretical basis for the employed image registration and anal-
ysis techniques, including Digital Image Correlation (DIC), Digital Volume Correlation
(DVC), strain analysis and segmentation based on a joint histogram approach.

2.1 Motion and Deformation Analysis

Image registration is the procedure of aligning two or more images so that a given point
in a specimen appears at the same location in each image. Registration is typically per-
formed in two main situations. First, images acquired at different time points within the
same modality can be aligned to quantify how the specimen has moved and/or deformed
over time. Second, images from different modalities acquired at similar time points can
be aligned to combine complementary information. In both cases, registration involves
determining a transformation that maps a reference image to a deformed or target image.
From this transformation, displacement and deformation can be extracted [19-21].

In this study, the transformation is estimated using correlation-based methods, specifically
DVC. To provide the general framework for understanding and interpreting the output, a
continuum description of motion is introduced [21].

2.1.1 Continuum Description of Motion

The continuum description assumes that the specimen of interest can be represented as
a continuously distributed body even though it is composed of discrete microstructures.
The advantage of this assumption is that motion and deformation can be expressed as
smoothly varying fields over the whole specimen, rather than by having to track individual
particles*. The continuum assumption allows for the use of differential calculus, enabling
quantities such as strain and stress to be defined through derivatives. Different regions of
the specimen may therefore deform differently, and the full deformation is reconstructed
into a continuous transformation field [20-22].

* For computational purposes, however, the specimen will be sampled at a finite number of points or
regions, where each region is allowed to undergo its own local motion.



2.1.2 From Displacement Fields to Deformation Gradients

Motion describes the change in position of a point between two configurations. The over-
all motion between a reference configuration, described by coordinate vector X, and a
deformed configuration, described by coordinate vector x, can be written as

x = ®(X),

where ® represents the transformation from the reference configuration to the deformed
configuration. The displacement field, u(X), is defined as the difference between the de-
formed and reference positions,

uX)=x—-X=&X)—-X.

The displacement field provides a measure of how much, and in which direction, each
point has moved. In three-dimensional DVC, this displacement has one component in each
coordinate direction. Using the coordinate order z,y,x, the displacement vector can be
written as

u,(X) 2=z
u(X) = |uy(X)| = |y —y|,
Uz (X) ¥ —x

where (z,y, x) defines the position of a point in the reference configuration, while (2/,y’, z’)
defines the position of the same point in the deformed configuration [20].

The motion described by the transformation ® may include rigid body motion, shape-
changing deformation, or a combination of both. Rigid body motion represents the case
where the specimen undergoes translation, denoted t, and/or rotation, denoted R, without
any change in shape, meaning distances and/or angles between points remain unchanged.
In contrast, deformation occurs when distances and/or angles between points change, in-
dicating a local internal mechanical response such as stretching, compression, or shearing
[23], [24]. To describe how the motion changes locally within the specimen, the deformation
gradient tensor, F, is introduced as

0% (X)

F =
oX

Since x = ®(X) and u(X) = x — X, the deformation gradient can also be expressed in

terms of a displacement field,
Ju(X)

oxX ’

is the displacement gradient. For a three-dimensional

F=1+ (2.1)

: Sy ou(X)
where Lis the identity tensor and =5«

DVC analysis, F is a 3 x 3 tensor,

ou, % %
Fzz Fzy sz 1 —g Bz (9ya 881’
— — Uy Oy Oy
F=|F. Fy Fu|= a@z 1 ‘g dy axa J
sz me wa Bz Dy 1+ O



where the diagonal terms describe changes along the same coordinate directions, like
stretching and compression, while the off-diagonal terms describe coupling between dif-
ferent directions, such as shearing and rotational effects [20, 21].

In DVC, the local transformation may be written in matrix form using homogeneous co-
ordinates. This form combines the deformation gradient F and the translation vector t in
one transformation matrix,

F zz F. 2y F. zx z

P = Fyz Fyy wa tl/
F Tz F. Ty F, vz lz

0 0 0 1

Using this 4 x 4 matrix representation allows translation, rotation, stretching and shearing
to be represented within a single matrix [20].

2.1.3 Digital Image and Volume Correlation

Motion and deformation are within the continuum framework described as continuous dis-
placement fields, from which quantities such as strain can be derived. However, in studies
such as this thesis, motion cannot be observed directly as a continuous field. Instead, it
must be estimated from the image data, which are inherently discrete and consist of pix-
els or voxels with associated greyscale values. Therefore, image correlation methods are
required to translate changes in grey-value patterns between different states into displace-
ment fields, which can then be used to evaluate deformation and strain [20, 21, 25].

2.1.3.1 Digital Image Correlation (DIC)

DIC is an image correlation method used to estimate displacements by tracking changes
between a reference image and a deformed image. This is done by extracting a small image
subset from the reference image and shifting it over a search region in the deformed image
to find the displacement that gives the best grey-value match. Repeating this process over
many subsets provides a set of discrete displacement measurements, which can then be
interpreted within the continuum framework to analyse deformation and strain. Conven-
tional DIC is applied to surface images, either in two dimensions or in three dimensions
using multiple cameras to reconstruct surface motion [21, 26].

2.1.3.2 Digital Volume Correlation (DVC)

Extending the DIC principles to volumetric image data is referred to as DVC. DVC enables
the estimation of local transformations between three-dimensional datasets, thereby quan-
tifying how different regions of the specimen move between two configurations. DVC can
be implemented in several different ways, however, all approaches share a common order
of steps [21, 26].



Local correlation approach DVC acts locally by dividing the reference image into a grid
of points, referred to as nodes. Around each node, a small volumetric region, known as a
subset or correlation window, is defined. Within each subset, the deformation is assumed
to be homogeneous, meaning that a single transformation describes the motion of all voxels
in that region. For each subset in the reference image, a corresponding region is sought
in the deformed image within a predefined search window. This search window defines
the region over which possible displacements are evaluated and is selected based on the
expected magnitude of motion [21, 26].

Similarity measure and displacement estimation For each candidate displacement within
the search window, a similarity measure is computed based on the greyscale values. Typ-
ically, this is done using a cross-correlation coefficient, which quantifies how well the
greyscale value patterns match. The displacement that maximises this similarity measure
is selected as the discrete estimate of motion [21, 26, 27].

Sub-voxel refinement Since real displacements are not restricted to integer voxel values,
a sub-voxel refinement step is required. Otherwise, the displacement field may appear
stepped, with large strains corresponding to the steps and missing strains between. This
is typically achieved through interpolation and iterative optimisation which allows the
transformation parameters to be determined with higher precision [21, 26].

From displacement to deformation measures Finally, the displacement field obtained
from all nodes can then be used to compute local deformations [21].

In these steps, a few key parameters must be carefully considered. The subset size governs
the trade-off between resilience and resolution, where a larger subset improves correla-
tion stability by averaging over more voxels, while smaller subsets increase resolution but
are more sensitive to noise and image artefacts. The search range governs the maximum
displacement allowed during correlation, where larger ranges allow detection of greater mo-
tion at the expense of increased computational cost and risk of incorrect matches, while
smaller ranges improve efficiency but may miss larger displacements. Node spacing governs
sampling of the displacement field, where smaller overlapping spacings increase sampling
density and robustness, but might introduce redundancy and higher computational cost.
Finally, a choice has to be made regarding the similarity measure, where normalised mea-
sures are often preferred as they account for variations in lighting and image contrast,
reducing the risk of incorrect matches [21, 28].

2.1.4 Strain Analysis

Within the continuum framework, deformation is described through the displacement field,
which represents the motion of material points within the specimen. Strain can be defined
in different ways depending on the assumptions made about the deformation. In this
thesis, strain is interpreted using a finite-deformation description, where deformation is
described through the deformation gradient tensor, as defined in Equation 2.1. This tensor



relates a small region in the reference configuration to its deformed state. This descrip-
tion can account for local stretching, compression, shear and rotation without assuming
that these changes are infinitesimally small. The small-strain tensor can be obtained as
a simplification by neglecting higher order terms in the displacement gradient, which is
only appropriate when deformations and rotations are small. In this work, strain is mainly
evaluated in terms of volumetric and deviatoric strain. Volumetric strain describes local
volume changes, where positive values indicate expansion and negative values indicate con-
traction, which makes it the most relevant measure for this analysis. Deviatoric strain, in
contrast, describes shape change or distortion without considering volume change. Devia-
toric strain, in contrast, describes shape change or distortion without considering volume
change. In this work, deviatoric strain is evaluated using an equivalent (von Mises-type)
scalar measure, which is always non-negative, where a value of zero indicates no distortion
and larger values indicate increasing shape change [21, 26].

2.1.5 Artefacts

Artefacts are a common issue in X-ray images and affect image quality and the overall
analysis. Most artefacts relevant for this study are associated with high-density regions,
such as metallic components. Metal artefacts degrade the X-ray image quality and typically
appear as bright regions and streaking patterns that reduce structural details and distort
the reconstructed image. Their severity depends on size, shape and composition of the

metal, with high-density, high atomic number materials producing more pronounced effects
[29].

Figure 2.1: Metal-induced artefacts in an X-ray CT slice from the provided dataset. The embedded thermocouple (1.red)
generates streak artefacts (3.purple) due to photon starvation, resulting in dark regions of unreliable data. The streak
artefacts can be seen throughout the slice. A smaller inclusion (2.green) appears bright but does not significantly affect
image quality.

In Figure 2.1, the source of an artefact is circled in the red, that being a metal thermocou-
ple embedded within the specimen, which strongly attenuates the X-ray beam and leads to
local saturation of the signal. It gives rise to streak artefacts highlighted in purple, primar-
ily caused by photon starvation. Photon starvation occurs because only a small number
of photons passing through the thermocouple reach the detector, resulting in increased
noise and dark streaks corresponding to missing or unreliable data. Regions 1 and 3 are
thus unstable for analysis. In contrast, region 2, although bright, also indicates a high



attenuation feature, but it does not generate the same streak artefacts, and thus appears
suitable for analysis [29].

2.2 The Joint Histogram Approach

The segmentation approach used in this study is based on a joint histogram method that
enables the analysis of material evolution by comparing voxel intensities between different
states. Instead of segmenting individual images independently, the method considers how
each voxel changes over time [30].

A joint histogram is constructed by plotting the greyscale values of each voxel in the
reference image against its corresponding greyscale value in an evolved image. Generally,
the horizontal axis represents the reference intensity, while the vertical axis represents the
evolved intensity. Each voxel is therefore mapped to a single point in this two-dimensional
space. If a voxel does not change between the two states, the corresponding point lies
along the diagonal of the joint histogram. Deviations from the diagonal indicate changes
in intensity, where points above the diagonal correspond to an increase in greyscale value,
while points below correspond to a decrease. These intensity changes can be associated
with physical transitions in the material, such as fluid redistribution or phase changes.
Segmentation is then performed by identifying regions within the joint histogram that cor-
respond to different types of intensity changes. Once identified, the classification can be
mapped back to the image domain [30].

In contrast to conventional segmentation methods such as thresholding or clustering in
image space, the joint histogram approach preserves the temporal history of each voxel.
As a result, voxels that exhibit different evolution pathways can be distinguished even if
they have identical greyscale values in the final state [30].

The method is modality-agnostic and can be applied to both X-ray and neutron datasets.
However, its accuracy depends on proper image registration, as misalignment between
datasets may introduce artificial intensity changes that do not reflect real material change

[30].



Chapter 3
Method

This chapter describes the datasets, preprocessing steps and workflows used to analyse the
freeze-thaw deformation and pore evolution, including DVC and strain analysis in SPAM
and joint histogram-based segmentation using evoSegment [30, 31].

3.1 Dataset Description

The study is based on an experiment involving repeated freeze-thaw cycles of a cylindrical
cement mortar specimen. During the experiment, neutron and X-ray tomography scans
were acquired at selected stages of the cycling process. The experiment began with an
initial tomography scan of the specimen, followed by repeated freeze-thaw cycling, where
in total, six acquisition stages spanning 47 cycles were recorded, as summarised in Table
3.1. A ramp refers to a single temperature event, either freezing or thawing, while a cycle
consists of one complete freeze-thaw sequence. Tomographic acquisitions are grouped into
sets, each corresponding to one cycle and including both neutron and X-ray measurements
during freezing and thawing. For more information regarding the experiment providing
the datasets see Appendix A.

a) Dataset 0 (reference) b) Dataset 12 (thawed)

c) Dataset O (reference), pre-processed

Preprocessing
P ———

Figure 3.1: Example of dataset preprocessing. a) The initial reference dataset (slice 1054/1150), b) the last thawed dataset
(slice 1054/1150) showing differences in structural regions (1), thermocouple-induced artefacts (2), and background variations
(3). c¢) After preprocessing (slice 486/977), the dataset is cropped to a circular region of interest and the background is
removed, improving consistency for further analysis.

10



Table 3.1: Overview of the thirteen X-ray tomography datasets used in this study.

Dataset | Acquisition stage | Cycle number State
0 Set 0 0 Reference
1 Set 1 1 Freezing
2 Set 1 1 Thawing
3 Set 2 12 Freezing
4 Set 2 12 Thawing
) Set 3 22 Freezing
6 Set 3 22 Thawing
7 Set 4 32 Freezing
8 Set 4 32 Thawing
9 Set 5 42 Freezing
10 Set 5 42 Thawing
11 Set 6 47 Freezing
12 Set 6 47 Thawing

Table 3.2: Overview of dataset properties before and after preprocessing. Cropping and filtering steps were applied to remove
regions with low structural information and imaging artefacts, improving the reliability of subsequent analysis.

Property Initial dataset Preprocessed dataset

Number of slices 1150 980 (after cropping)

In-plane image size 1130 x 1118 px 1130 x 1118 px (unchanged)

Bit depth 8-bit / 16-bit 16-bit used

Bottom slices removed - 45 slices (low information)

Top slices removed - 125 slices (artefact region)
Cross-section Full field of view Circular crop (background removed)
Background Present Set to 0 (black)

Thermocouple region Included Excluded (only slices 0 to 510 considered)
Dataset 12 Included Excluded from analysis, used only in Section 3.2.2

The dataset initially consisted of 1150 slices with an in-plane size of 1130 x1118 pixels,
stored in both 8-bit and 16-bit formats. However, the 8-bit data had been truncated
during reconstruction to use only 7 of its bits. The difference between using 16-bit and
8-bit data was later evaluated. To improve data quality and computational efficiency some
preprocessing steps were applied, as summarised in Table 3.2. These included the removal
of low-information slices at the beginning of the scans, as well as removal of the final slices
due to inconsistency between datasets, where some contained a saturated component while
others did not. As shown in Figure 3.1, differences between datasets can be observed in
several regions. The central region (1) exhibits significant variation between scans, while
the thermocouple (2) introduces beam hardening and photon starvation artefacts that differ
between datasets and lead to unreliable grey values. Regions including the thermocouple
were later excluded, as they would be found to affect the correlation and thus also the strain
analysis. In addition, the background (3) shows noticeable variations in greyscale intensity,
despite containing no meaningful information. To mitigate these effects the datasets were
cropped to a circular region of interest to remove the background, which was set to pure
black, ensuring a clear separation between background and specimen.

11



3.2 The Tools

Two main software tools were used in this study: SPAM and evoSegment. These tools were
used for image registration, displacement and strain analysis as well as segmentation.

3.2.1 SPAM

SPAM is a Python-based library designed for applications such as DIC, DVC and strain
analysis. In this work it was used for two purposes:

1. implementing DVC to quantify local deformations and compute strains, and

2. estimating initial global rigid transformations between datasets.

The global transformations calculated with SPAM were later used to align datasets, which
is a requirement for using evoSegment, as explained in section 2.2.

3.2.1.1 Implementing DVC using SPAM

The SPAM-based workflow used in this thesis is summarised and visualised in Figure 3.2 as
follows:

1. Perform a global registration between the reference and evolved volumes.

2. Define a regular grid of correlation nodes in the reference image and extract a local
subset around each node.

3. Perform a discrete pixel search around the globally predicted positions.

4. Refine the results by iterative local affine registration to obtain sub-voxel displace-
ment and deformation.

5. Filtering to remove non-converged points.

6. Use the resulting displacement or transformation field to compute deformation gra-
dients and strain.

1. Multiscale Global Registration and Binning To ensure computational efficiency, global
registration was performed using a multiscale approach, via the SPAM function regis-
terMultiscale(). This involved temporarily downsampling the images through binning,
where neighbouring voxels are averaged to create a lower resolution representation. Regis-
tration was first carried out on coarsely binned data to estimate large-scale motion and then
progressively refined at higher resolutions, up to full resolution images. This initial step
aligned the deformed image with the reference image, capturing bulk motion such as trans-
lation and rotation before solving the local correlation problem. The global transformation
is represented by the operator ® and defined as

F t

e=1lgr

)
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1. Global registration 4. Refine results by iterative local affine registration for sub voxel
- Translation and rotation displacement and deformation
- Translation, rotation, stretching and shearing
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Figure 3.2: Schematic of the SPAM-based DVC workflow. A global registration is followed by local subset correlation on a
regular grid, discrete search, sub-voxel affine refinement, and finally filtering and computation of deformation gradients and
strain from the resulting displacement field.

where t is the translation vector and F is, in this case, the linear component describing the
rotation and deformation. Here, linear means that the transformation does not depend on
position and acts the same everywhere. The resulting transformation was used as an initial
guess for the local search, ensuring that correlation starts from a well-aligned configuration.

2. Definition of the Correlation Grid Following global registration, using the SPAM func-
tion makeGrid(), a regular grid of correlation nodes were defined within the reference
image, where motion is evaluated. The spacing between nodes, controlled by the param-
eter nodeSpacing, determined the sampling density, an example is later shown in Figure
4.5. Around each node, a local subset (or correlation window) was extracted, with its size
defined by the parameter half-window size, (hws). For a half-window size of

(h27 hy7 h:l?)7
the corresponding subset size is
(2h, +1) X (2h, + 1) x (2h, + 1)

[31].
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Grid (XY) Grid (XZ) Grid (YZ)

Figure 3.3: Example of correlation grid for Dataset 0 (reference) with hws = 20 pixels, searchRange = 20 pixels and
nodeSpacing = 20 pixels.

3. Discrete Pixel Search For each node, SPAM performs a discrete pixel search, using
the function pixelSearch(), comparing a reference subset with candidate subsets in the
evolved image over a predefined search region, defined by the parameter searchRange. The
search was centred around the position predicted by the initial global registration.

For each candidate displacement p, a similarity measure was computed using the normalised-
cross-correlation measure (NCC), and the optimal discrete displacement was obtained as

= N
p = argmax NCC(p),
where S denotes the search region [31].

Prior to the optimisation, a mask was applied to exclude background regions by threshold-
ing voxels with zero grey values, thereby reducing computational cost.

4. Local Iterative Refinement Since true displacements are not restricted to integer voxel
values, the discrete pixel-search result is further refined to sub-voxel precision using the
SPAM function 1dic(). The integer-voxel displacements obtained from the pixel search
serve here as an initial guess for the local optimisation. The previously described mask is
also applied here. This step performed an iterative affine registration for each node, where
the local transformation, ®;, is expressed as

O 0
@i - OT 1 9

where t; is the local translation of node ¢ and F; is the linear component approximating
the deformation within the subset. The transformation ®; was estimated by minimising
the difference between the reference subset, I, and the transformed subset Iy,

I(x) = I;(®; - x).

This was solved iteratively using a gradient-based quasi-Newton scheme. At each itera-
tion the transformation was updated by a small increment [[A®||, which represents the
adjustment of the current state. The magnitude of this update is quantified by its norm
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|A®@||, which provides a measure of how much the solution changes between iterations.
Convergence was assumed when the update became smaller than a threshold 6®,,;,

|AB| < 6B,

If the updates remained large or the error increased, the solution was considered unstable
and may diverge. The process was terminated if the maximum number of iterations was
reached.

Grid Point Statuses After correlation each grid point was assigned a status value that
describes the outcome and reliability of the local registration. The possible statuses were
defined as follows:

e Status 2: Successful convergence. The iterative procedure reached the convergence
criterion, meaning that the transformation updates became sufficiently small.

e Status 1: Non-successful convergence. Maximum number of iterations reached. The
solution did not fully converge, but no clear divergence was detected.

e Status -1: Non-successful convergence. Divergence due to increasing error. The
similarity between the reference and deformed subsets worsened during optimisation.

e Status -3: Non-successful convergence. Divergence due to unrealistic deformation.
This typically corresponds to excessive volumetric changes, indicating that the local
affine model is no longer valid.

e Status -7: Invalid solution. The computed transformation contains non-physical
values such as NaN or infinity.

Masked regions were excluded from the correlation, and nodes located within these regions
were assigned a status of —7.

DVC assumes locally continuous deformation within each subset. When this assumption
breaks, such as near cracks or discontinuities, the correlation may fail or produce unreliable
results. The status values were therefore used to identify and exclude such regions from
further analysis.

5. Filtering the Displacement Field The displacement field obtained from the correla-
tion may contain unreliable points, identified through their status value. Since strain is
computed from spatial derivatives, it is very sensitive to noise, outliers and missing values.
Therefore, a filtering step is applied prior to strain computation, excluding background
regions and nodes without a successful convergence status (status 2), using the script
SPAM-filterPhiField.

Invalid points were corrected by interpolation based on neighbouring valid points. For

each such point, a set of neighbouring nodes was used, and displacements were estimated
as a distance-weighted average. The deformation gradient was not interpolated but instead
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replaced by the identity matrix to avoid introducing artificial strain. Although this ap-
proach assumes no local deformation at corrected points, it does not guarantee zero strain
in the final strain field, as this depends on the strain computation method [31].

Since non-converged points after filtering were essentially treated as missing values, min-
imising their number is an important criterion when selecting suitable DVC parameters. A
large number of non-converged points indicates a greater loss of information, as these points
are estimated using information from neighbouring points. Following the recommendation
in the SPAM documentation, suitable choices of DVC parameters therefore helped reduce
the number of non-converged points, ensuring that as much true information as possible is
retained.

6. Strain Computation Methods in SPAM In SPAM, strain can be obtained in three ways:
(i) directly from the local transformation during correlation, (ii) from the displacement
field using the Q8 method, or (iii) from the displacement field using the Geers method.
These approaches differ in how the deformation gradient was estimated, affecting their
interpretation, sensitivity to noise and robustness.

Local (Subset-Based) Approach Each correlation window is assigned a local affine trans-
formation, ®, where an estimate of the deformation gradient is provided. The strain can
therefore be computed independently for each subset, providing high resolution. However,
this approach is sensitive to noise and local correlation errors, often resulting in noisy strain
fields.

Displacement-Based Methods Both the Q8 and Geers methods estimate the deformation
gradient from the displacement field, as defined in Equation 2.1. The difference between the
two methods lies in how neighbouring information is used to estimate spatial derivatives.

Q8 Approach In the Q8 method, the deformation gradient is computed within cells de-
fined by 8 neighbouring nodes. These nodes form a hexahedral element, within which the
displacement field is assumed to vary linearly. Under this assumption, the displacement
gradient can be estimated using trilinear interpolation of the nodal displacements, equiva-
lent to an 8-node finite element formulation.

The deformation gradient is then obtained from the displacement gradient as defined in
Equation 2.1. Since the gradient is evaluated per cell, the resulting deformation gradient
is defined at cell centres rather than at the nodes. Consequently, the deformation field
has reduced dimensions: for a displacement field of size (n.,n,,n,), the Q8 field has size
(n, —1,n, —1,n, —1). While this approach improves resilience by averaging information
over a finite volume, it also reduces spatial resolution compared with nodal methods.

Geers Approach In the Geers method, the deformation gradient is computed at each node
using a set of neighbouring nodes. For a central node, ¢, neighbouring nodes k =1,..., N
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are considered. The relative positions in the reference and evolved configurations are
defined as
AXk = Xk — XC, AXk = (Xk + llk) — (XC + uc).

Assuming that the deformation is locally affine, the relation

is enforced. Since this relation is affected by noise, the deformation gradient is obtained
by solving the least-squares problem

> [|Ax; — FAX|.

This corresponds to minimising the difference between the observed evolved neighbour
vector and those predicted by the linear transformation F. By incorporating multiple
neighbours the method reduces sensitivity to noise and produces smoother results [32].

For the scope of this thesis, the strain algorithm was limited to Q8 and Geers, since the
Local approach produces results that are too noisy. In this thesis, the Geers approach was
used because it is the most intuitive and requires the least processing. It is also considered
the most resilient option, which makes it suitable for the potentially noisy dataset. The
pipelines were, however, designed to handle all three choices. An example image of all
three strain outputs can be found in Appendix B.

Volumetric and Deviatoric Strain Measures Once the deformation gradient has been
estimated, it can be used to compute strain measures that emphasise different aspects of
the local deformation. Volumetric strain describes local volume change and is computed
from the determinant of the deformation gradient,

Evol = det(F) — 1.

Since the determinant of the deformation gradient represents the ratio between the de-
formed and reference volume, taking minus one gives an estimate of the relative volume
change [31].

Deviatoric strain describes the shape-changing part of the deformation after the volume
changing part has been removed. It is computed from the stretch part of the deformation
gradient, where the volumetric contribution from the stretch tensor, U, is removed via
polar decomposition, giving

Uger = Udet(F) ™%,

The deviatoric strain is then computed as
Edev = HUdeV - I||7

where a value of zero indicates no distortional shape change, while larger values indicate
increasing distortion [31].
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Displacement Arrows The displacement vectors were overlaid on selected image slices to
visualise the local motion of the specimen. Each arrow represents the displacement at one
node. The direction of the arrows shows the direction in which the material has moved
within the slice, while the arrow length indicates the relative size of the displacement. The
colour of the arrow represents the total displacement magnitude, calculated from all three

displacement components
lu| = \/uZ +u2 + uZ.

3.2.2 evoSegment

evoSegment is a Python-based library used for the segmentation and analysis of evolving
structures. In this work, it was used to segment and thus analyse phase changes within
the pore structure during the repeated freeze-thaw cycles.

3.2.2.1 Preprocessing: Global Rigid Registrations

Before using evoSegment, the datasets must be spatially aligned to ensure voxel-wise cor-
respondence between states. The analysis was performed on X-ray tomography datasets
where changes in greyscale values were expected to reflect variations in fluid occupancy
within pores. A global rigid registration was performed relative to the reference Dataset
0, using the SPAM library, employing the registerMultiscale() function with PhiRigid
= True, restricting the transformation to translations and rotations only.

Performing registration on the full-resolution dataset is computationally expensive and
can be affected by reconstruction artefacts. To test efficiency, the transformation was
estimated using three different subvolumes. Those included:

e Representative range: 505 slices containing clear structural features and minimal
artefacts (excluding the thermocouple).

e Thermocouple range 505 slices, where approximately one third of the volume is
affected by the thermocouple artefacts.

e Full range: the entire dataset of 997 slices.

A subset size of 505 slices was chosen as the smallest range that ensured stable convergence,
with a margin for robustness. The same size was used for the representative and thermo-
couple ranges to enable fair comparison. The resulting transformations were compared
using the final optimisation error, number of iterations, computational time and resulting
translation vector. The final optimisation error describes how well the transformed im-
age matches the reference image, calculated as the normalised summed squared difference
between their grey values, where a lower error indicates a better match.

3.2.2.2 Joint Histogram-Based Segmentation

Cropped regions containing pores were extracted and used as input into the following
evoSegment pipeline.
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Preprocessing Prior to histogram construction, all datasets were median filtered to reduce
noise and improve cluster stability. In addition, global normalisation was applied, where
all volumes were scaled using a shared intensity range (excluding zero-valued background
voxels). This ensured consistent intensity mapping across datasets, which is important for
later analysis.

Joint Histogram Construction A reference volume was selected, and all remaining vol-
umes were treated as evolved states, concatenated along the vertical axis. This ensured
that all greyscale values present in all datasets were captured, and segmentation only had
to be performed once. The histogram was then created using the make2DHistogram()
function. The histogram was visualised on a logarithmic scale to capture both dense and
sparse regions.

2D Histogram

Zoomed in pore
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ROIs 2. Overlay "
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Figure 3.4: Overview of the joint histogram-based segmentation flow using evoSegment. 1. Manual detection of regions
of interest (ROIs) in the image domain (water, air, background). 2. Projection of ROI voxel intensities into the joint
histogram, relating reference and evolved greyscale values. 3. Identification and segmentation of clusters in histogram space.
4. Assignment of labels to histogram regions. 5. Mapping of labels back to the image domain and post-processing to improve
spatial consistency. 6. Final segmentation results across multiple states, illustrating the evolution of pore structures over
freeze-thaw cycles.

ROI-Guided Labelling To help navigate cluster identification, regions of interest (ROIs)
were manually defined in the image domain (Figure 3.4 1.), targeting relevant features such
as water, air and background. The corresponding voxel intensities were projected into a
joint histogram (Figure 3.4 2.), linking histogram regions to physical structures. Based
on the guidance of the points in the joint histogram, clusters were manually segmented in
histogram space by drawing polygons around them (Figure 3.4 3-4.).

Mapping to Image Domain Once labelled in histogram space, the segmentation was
mapped back to the image domain, assigning each voxel a label based on its histogram
position. This resulted in a representation of current phases and their evolution across all
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datasets (Figure 3.4 6.). An example of how the final segmentations were interpreted is
provided in Appendix C.

Post-processing 'To improve spatial consistency, a constrained label expansion was imple-
mented. Unlabelled voxels were assigned to the nearest label within a limited neighbour-
hood, restricted to non-zero intensity regions, avoiding propagation into the background.
This reduced the gaps caused by discretisation while preserving cluster boundaries (Figure

3.45.).

For this part of the analysis, two groups of pores were defined: inner pores and outer
pores. The distinction between the two groups was based on the radial distance of each
pore from the centre of the specimen, with pores located within approximately 250 pixels
(= 5 mm) from the centre being classified as inner pores, and pores located beyond this
distance being classified as outer pores.
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Chapter 4

Results

This chapter presents the results from the registration, DVC parameter analysis, strain
analysis and pore segmentation. The first part evaluates suitable registration ranges and
DVC parameters. The second part analyses displacement and strain fields to identify
local deformation and cracking during freeze-thaw cycling. The final part presents the
pore segmentation results and summarises the developed pipelines intended for future ESS
datasets.

4.1 Parameter and Range Selection

4.1.1 Evaluation of Registration Ranges

The performance of the global rigid registrations was evaluated using three different ranges
for estimating the transformation: a thermocouple range, a full dataset range and a rep-
resentative range excluding slices affected by the thermocouple artefacts. The ranges were
compared using optimisation error, number of iterations, computational time and resulting
translation and rotation vectors, for both binned and non-binned datasets. In the follow-
ing tables, green indicates the best-performing result, yellow intermediate performance and
red the poorest performance, while grey-highlighted rotation values could not be visually
validated.

Table 4.1: Registration results for Dataset O (reference) and Dataset 12 (thawed) (binning = 2). Expected axial shift from
visual alignment: ~15 slices ().

Range Error Iter. Time Translation t = [t;,t,,t;] Rotation R = [r;, 1y, 4]
Thermocouple 279.64 64 23m 4s [10.109, 0.183, 0.402] [2.893, -0.085, -0.020]
Full 249.15 508 32m 55s  [10.884, -0.050, 0.589]  [2.028, -0.160, -0.095]

Representative 219.40 39  7m 7s [12.734, 0.025, 0.212]  [1.029, -0.026, -0.024]

Overall, the representative range provided the most robust results, with the lowest op-
timisation error, fewest iterations and shortest computational times. This was also true
for the most challenging case, Dataset 12 (Table 4.1) that was deliberately excluded from
analysis, because it differed too much with regard to alignment and how it was affected by
the different artefacts. In this case, the representative range reduced the computational
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time to approximately 7 minutes, compared to over 23 minutes for the thermocouple range
and more than 30 minutes for the full dataset. The resulting axial translation (¢, = 12.7)
was also closest to the visually estimated shift of approximately 15 slices.

Table 4.2: Registration results for Dataset 0 (reference) and Dataset 8 (frozen) (binning = 2). Expected axial shift from
visual alignment: ~1 slice (¢).

Range Error Iter. Time Translation t = [t,,t,,t;] Rotation R = [r;,ry, 7]
Thermocouple 178.66 147 16m 32s  [-0.318, 0.425, 0.322]  [-0.284, -0.051, 0.059]
Full 160.62 149 32m 3s  [-0.388, 1.444, 1.103]  [-0.434, -0.037, 0.013]

Representative 164.02 68 10m 40s  [-0.576, 0.272, 0.139] [-0.515, -0.028, 0.040]

For datasets with smaller axial shifts, the difference between the representative and full
ranges became less pronounced. In some cases, the full range produced a similar or slightly
lower optimisation error, but visual inspection indicated that the representative range
still gave a more reliable alignment (Table 4.2), which was of highest importance. This
suggested that when translations were small, differences in cross-sectional translation and
rotation had a stronger influence on the error value, making visual validation more difficult.

Table 4.3: Registration results for Dataset 0 (reference) and Dataset 1 (frozen) (binning = 2). Expected axial shift from
visual alignment: ~4 slices (¢2).

Range Error Iter. Time Translation ¢t = [t,,t,,t;] Rotation R = [r;,ry, 7]
Thermocouple 130.01 30 6m 3s [-4.418, 0.122, 0.091] [0.184, -0.036, -0.050]
Full 121.19 36 12m 56s  [-4.330, 0.214, 0.085]  [0.189, -0.055, -0.074]

Representative 115.85 28  5m 31s [-4.205, 0.205, 0.011] [0.194, -0.041, -0.048]

Table 4.4: Registration results for Dataset 0 (reference) and Dataset 4 (thawed) (binning = 2). Expected axial shift from
visual alignment: ~2 slices ().

Range Error Iter. Time Translation ¢t = [t,,t,,t;] Rotation R = [r,,ry,r]
Thermocouple 151.71 70 7m 21s  [-1.591, 0.309, 0.218] [-0.259, -0.007, 0.010]
Full 144.93 26 5m 36s [-1.507, 0.746, 0.529] [-0.308, 0.002, -0.009]

Representative 143.28 51 5m 27s  [-1.519, 0.260, 0.141]  [-0.348, 0.001, 0.010]

The thermocouple range performed worst across all evaluated cases (Tables 4.1- 4.4). It
consistently required the most iterations and produced the highest errors, indicating that
reconstruction artefacts from the thermocouple negatively affected registration. The full
range performed better than the thermocouple range because it included a larger dataset
with more reliable regions. However, due to its size, the computational times did in some
cases become much longer. These results then showed that using a smaller representative
range, excluding artefact-affected regions, was important both for alignment quality and
computational time, especially for larger translations. When translations were closer to one
pixel the difference between the representative range and full range became smaller, but
the representative range remained preferable because it avoided unreliable artefact affected
regions.
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Table 4.5: Registration results for Dataset 0 (reference) and Dataset 12 (thawed) (without binning). Expected axial shift
from visual alignment: ~30 slices (¢.). The full range registration could not be executed due to memory limitations.

Range Error Iter. Time Translation t = [t,,t,,t;] Rotation R = [r;,ry, 7]

Thermocouple 727.28 453 2h 53m  [20.447, 0.320, 0.720]  [3.283, -0.072, -0.011]
Full - - - -
Representative 429.12 221 59m 38s  [25.349, 0.082, 0.409]  [1.518, -0.019, -0.018]

Table 4.6: Registration results for Dataset 0 (reference) and Dataset 1 (frozen) (without binning). Expected axial shift from
visual alignment: ~8 slices (¢.). The full range registration could not be executed due to memory limitations.

Range Error Iter. Time Translation t = [t,,t,,t;] Rotation R = [r;,ry, ]

Thermocouple 332.34 113 36m 48s  [-8.797, 0.236, 0.175]  [0.211, -0.034, -0.046]
Full - i ]
Representative 299.46 100 27m 50s  [-8.398, 0.394, 0.021] [0.212, -0.037, -0.045]

The non-binned results further supported the choice of using a representative region (Ta-
ble 4.5 and Table 4.6), where the full range registration could not be performed due to
memory limitations. In this case the thermocouple range required much longer computa-
tional times and, again, produced very poor alignment results. Based on these findings,
the choice of excluding the thermocouple regions was confirmed to be beneficial for the
future analysis, as the presence of the thermocouple clearly affected the first step of DVC,
and consequently the alignment needed for the joint histogram approach. Excluding the
thermocouple region from further analysis ensured that the analysis was not affected by
its presence and artefacts.

4.1.2 Evaluation of DVC Parameters
4.1.2.1 Half-window Size

An initial visual assessment of the specimen was used to estimate relevant feature sizes,
as shown in Figure 4.1. The pores ranged from approximately 7 to 53 pixels in diameter,
while visible cracks extended approximately 50 pixels. Based on these scales, hws values
of 15 pixels, 20 pixels and 25 pixels were considered reasonable. A smaller value, hws = 10
pixels was also tested to verify the expected loss of resilience for too small subsets.

b) Dataset 7 (frozen) c) Dataset 7 with scales

a) Dataset O (reference)

Slice 840

Thermocouple region

Figure 4.1: a) Dataset O (reference), slice close to the top of the specimen. b) Dataset 7 (frozen), same slice as reference.
c) Examples of relevant feature sizes in the cement specimen, including pores, cracks, the thermocouple region and dense
inclusions, same slice as reference. 1 mm =~ 50 pixels.
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Table 4.7: Summary of tested half-window sizes for 16-bit data. All runs used nodeSpacing = 2 - hws and searchRange
= +2 - hws. The convergence rate was defined as the proportion of converged points, status 2, relative to all valid points,
excluding invalid masked points, status —7: Convergence rate = —DNstatus=2 ___ Based on Dataset 0 (reference) and

Niotal=Nstatus=—7
Dataset 7 (frozen).

hws Nodes Convergence rate Observation
10 18144 0.708 High resolution, but many non-converged points
15 5184 0.791 Improved convergence, still relatively noisy
20 2184 0.823 Good balance between convergence and resolution
25 1089 0.846 Best convergence, but too few nodes and strong smoothing
hws = 20 hws = 25
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Figure 4.2: Comparison of filtered strain results for different half-window sizes. Because different hws values generate grids
with different node positions the displayed slices/indices are not identical but selected to be as spatially close as possible,
the respective strain indices are circled in black. (a) hws = 15 shows the highest amount of noise and several non-converged
regions inside the specimen, in addition to points along the perimeter. (b) hws = 20 reduces internal noise while preserving
local deformation features, particularly in the upper-left and lower-right regions. (c¢) hws = 25 produces the smoothest results,
but also suppresses smaller-scale features visible for hws = 20. All strain images are shown after filtering.

The results in Table 4.7 showed that increasing hws generally improved the convergence
rate, as expected. However, this improvement came at the cost of a reduced number of
grid points and lower spatial resolution. For hws = 10 the number of nodes was high, but a
large proportion of points did not converge, making the resulting displacement and strain
field unreliable. In contrast, hws = 25 gave the highest convergence rate, but produced
a sparse displacement field and increased smoothing. When investigating the increased
number of non-converged points (most of which had a status of -3) for smaller hws, one
could note that they were mainly located along the specimen perimeter. Another pattern
was that the first and last slices contained the most non-converged points, shown in Figure
4.2. Smaller hws also introduced more internal noise, while larger values increasingly
smoothed local features. Based on the convergence behaviour, hws = 20 was selected as the
best compromise between resilience, spatial resolution and the preservation of deformation
features.
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4.1.2.2 Comparing 8-bit and 16-bit Data

The comparison between the provided 8-bit and 16-bit data was performed as a part of
the half-window size evaluation, using the same hws values and DVC settings for both
bit depths. As shown in Table 4.8, both bit depths showed similar trends across the
tested half-window sizes, where increasing hws improved convergence rate, while smaller
subsets produced more non-converged points. The convergence rates were also comparable
between the 8-bit and 16-bit data, where the 8-bit data performed slightly better in 2/3
of the cases, an effect that may be related to the increased detail and noise sensitivity in
the 16-bit data. However, these results did indicate that the overall convergence behaviour
was mainly controlled by the DVC parameters and image structure, rather than bit depth
alone.

Table 4.8: Summary comparison of 8-bit and 16-bit DVC results for selected half-window sizes. Pixel search and LDIC times
are reported as computation times for each step. Based on dataset 0 (reference) and dataset 7 (frozen).

hws Bit depth Convergence rate Pixel search time LDIC time

15 16-bit 0.791 16 min 25 s 2 min 14 s
15 8-bit 0.754 16 min 10 s 2 min 27 s
20 16-bit 0.823 36 min 46 s 2 min 22 s
20 8-bit 0.834 37 min 1s 2 min 12 s
25 16-bit 0.846 2 h 11 min 42 s 3 min 16 s
25 8-bit 0.850 2h 3 min 24 s 3 min 35 s

Figure 4.3: Comparison between 16-bit and 8-bit representations of the same regions. Images a) Dataset 10 (thawed) and b)
Dataset 12 (thawed) show the 16-bit data, where local greyscale detail and artefacts are clearly visible. Images ¢) Dataset
10 (thawed) and d) Dataset 12 (thawed), show the corresponding 8-bit data, where these variations are compressed and the
artefacts are less distinct. This difference is important for interpretation as reduced artefact visibility in the 8-bit data could
lead to apparent strain being incorrectly interpreted as real deformation.
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The computational times were also similar. In some cases, the 16-bit data was even slightly
faster, suggesting that bit depth did not have a systematic effect on the computational
times. However, the 16-bit data preserved a larger dynamic range and more subtle greyscale
variations than the 8-bit data (both inherently and due to the fact that the 8-bit data was
truncated), which is important for correlation-based methods like DVC. Since DVC relies on
local greyscale values to identify corresponding regions between volumes, a loss of intensity
in the 8-bit data may reduce the reliability of the visual interpretation and correlation
results. An example of this difference is shown in Figure 4.3, where in the 16-bit images
local details and artefacts are more clearly visible, whereas the corresponding 8-bit images
compress these variations. This is important because reduced visibility of artefacts may
lead to incorrect interpretation of apparent strain and deformation.

4.1.2.3 Search Range

The results in Table 4.9 show that the optimal search range depended on the magnitude
of the expected motion. For the moderate deformation case (Dataset 5 and 6), the smaller
search range performed best, with £10 providing the highest convergence rate. However,
for the comparison with the largest difference, between Dataset 0 and Dataset 12, +20
provided the best results, both with regards to convergence rate and the mean number
of non-converged points per slice. This indicates that 10 might be sufficient for smaller
changes but could become too restrictive when large displacement or structural changes
were present. A search range of £20 was therefore selected as the more resilient compro-
mise.

Table 4.9: Summary of tested search ranges for hws = 20 and nodeSpacing = 40 using 16-bit data. Convergence rate was

calculated as % The mean number of non-converged points per slice was computed after excluding the first
total — {Vstatus=—

and last dataset, since these were shown in Section 4.1.2.1 to be particularly noisy.

Datasets Range Convergence rate Mean non-conv./slice Observation

56 +40 0.823 22.18 Large range; more non-
converged points

5-6 +20 0.943 4.55 Good convergence and robust
search

5-6 +10 0.949 4.09 Best for moderate changes

0-12 +40 0.640 39.30 Large range did not improve
convergence

0-12 +20 0.731 29.45 Best for large changes

0-12 +10 0.637 44.45 Too restrictive for large
changes

4.1.2.4 Node Spacing

As it can be noted in Table 4.10, reducing the node spacing did not improve the convergence
rate but did increase the sampling density of the displacement field. For hws = 20 and
searchRange = 120, reducing nodeSpacing from 40 to 20 increased the number of nodes
from 2184 to 18144 while the convergence rate remained nearly unchanged (decreasing only
from 0.943 to 0.941). This resulted in a denser displacement field with a similar proportion
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of non-converged points. As expected, the computational times increased substantially.
Therefore, nodeSpacing = 20 was selected to obtain a denser displacement and strain field
while maintaining comparable convergence behaviour. The increased computational time
was considered acceptable for the improved spatial detail.

Based on the parameter study, the final DVC parameters were set to hws = 20, nodeSpac-
ing = 20 and searchRange = £20. This combination provided the best balance between
convergence, spatial resolution, robustness to larger displacements and computational cost.

Table 4.10: Summary of tested node spacings for 16-bit data with hws = 20 and searchRange = 20. Overlapping grids use
nodeSpacing = 20, while non-overlapping grids use nodeSpacing = 40. Based on Dataset 0 (reference) and Dataset 7 (frozen).

Node spacing Nodes Convergence rate Mean non-conv./slice Pixel search time LDIC
time
40 2184 0.943 4.55 9 min 39 s 5
min
49 s
20 18144 0.941 20.05 38 min 2 s 58

15s

4.1.3 Strain Value Ranges and Non-Converged Points

Strain values could not be interpreted reliably without filtering, as non-converged points
generate unrealistically large values. As shown in Figure 4.4, these extreme values coincide
with regions where the DVC correlation failed. Even after filtering large strain values
remained. Percentile clipping could therefore be applied to improve visual interpretation
of strain fields. As shown in Table 4.11 the full strain range was dominated by extreme
values. These extreme values did coincide with the non-converged points, found mainly
along the perimeter of the specimen, as well as in the first and last slice of the strains.
This indicates that the large strain values could be related to the Geers strain computation
algorithm.

Table 4.11: Strain ranges depending on the chosen percentile range.

Percentile range | Volumetric strain range | Deviatoric strain range
0-100 —0.497, 0.361 0.004, 13.712
2-98 —0.062, 0.088 0.006, 0.186
10-90 —0.013, 0.042 0.009, 0.060
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Figure 4.4: Overview of non-converged points and strain outliers for the Geers strain calculation. Dataset 0 (reference)
versus Dataset 7 (frozen). (a) Number of non-converged points per strain slice index. (b) Absolute maximum volumetric
and deviatoric strain values before filtering, showing extreme outliers that dominate the scale. (c¢) Corresponding absolute
maximum values after filtering, where the strongest outliers are reduced but boundary related values still remain.
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Figure 4.5: Effect of percentile clipping on the visualisation of volumetric and deviatoric strain for strain slice indices 100-140,
for Dataset 0 versus Dataset 7. (a) The full 0-100 % range is dominated by extreme values, making internal strain variations
difficult to interpret. (b) The 2-98 % range reduces the influence of outliers while preserving most visible strain features. (c)
The 10-90 % range further enhances contrast but saturates more of the strain effects. (d) Non-converged points shown for
comparison.

The results from the percentile clipping presented in Figure 4.5 show that the chosen
range had a large impact on the interpretation of the strain fields. Without clipping, local
strain variations inside the specimen remained hidden. A 2-98 % percentile range provided
a more balanced representation, reducing the influence of extreme values by saturating
them. However, the optimal percentile range did differ between slices and datasets, and
must be assessed for each case.
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These results showed some limitations of the strain analysis, where large boundary strains
and extreme values could dominate the visualisation thereby masking smaller changes. Di-
viding the specimen into smaller regions and analysing local strain variations may therefore
provide more reliable results.

4.2 Strain Analysis

4.2.1 Global, Half-Specimen and Quarter-Specimen Analysis

By first analysing the two datasets that were compared, one could determine where the
expected changes were, and based on that investigate what was actually seen from strain
and displacement analysis. Figure 4.6 exemplifies three positions that visually differed
between the two datasets: two voids that seemed to become emphasised and even slightly
extended (circled red and blue) and a crack that became more apparent (yellow).

a) Dataset 6 (thawed) b) Dataset 8 (thawed)

Thermocouple region

© Slice 360

Figure 4.6: a) Dataset 6 (slice 360). b) Dataset 8 (slice 360/977). Both have three regions (red, yellow and blue) circled,
where visual changes are seen between the evolution from dataset 6 to dataset 8.)

Strain index = 9 Slice = 220 Slice = 200 Slice = 180

Figure 4.7: Binning = 2. a) Strain index 9 overlaid on slice 180 (Dataset 6), included in the subvolume are slices 180-220.
b) Dataset 6, slice 220, ¢) Dataset 6, slice 200. d) Dataset 6, slice 180. Emphasises the importance of investigating multiple
slices within the node subvolume.

In Figure 4.7 the strains were overlaid on top of slice a) 220, and corresponding displacement
vectors overlaid on slices b) 220, ¢) 200, d) 180. This figure emphasises the importance of
investigating all three displacement vector slices included in the computation of a single
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strain index, otherwise, the strains could be incorrectly interpreted*. In Figure 4.7 a) the
displacement vectors responsible for the large strain output in the upper left part of the
specimen were presented. Visually, no clear structural change could be identified in this
region to explain the large displacement and strain. This emphasised the need for further
filtering the displacements even after using SPAM’ s own filtering script. This could be done
using percentile clipping, where displacement arrows over or under a certain percentile were
disregarded. Interpreting the strains and displacements from a global perspective we risk

Figure 4.8: Binning = 2. a) Left half of slice index 9, overlaid on slice 220 (Dataset 6) with its corresponding displacement
field overlaid as vectors on top of the same slice. b) Quarter left half of slice index 9, overlaid on slice 220 (Dataset 6) with
its corresponding displacement field overlaid as vectors on top of the same slice.

only seeing the absolute largest changes, thus, by switching the view to one half at the
time, or even one quarter at the time, it becomes easier to interpret the behaviours, as can
be seen in Figure 4.8 a) and b). However, the characteristic ways of the Geers approach
also removed additional information along the perimeter of the chosen views, which has
to be taken into account when choosing view. This became especially apparent for Figure
4.8 b). Without additional clipping, both the a) and b) cases showed displacement vectors
indicating cracking in the red region of Figure 4.6. In the blue region of Figure 4.6,
larger displacement vectors and strains for a) and the other half of the quarter are shown
(presented in Figure 4.9). The yellow region in Figure 4.6 did not seem to change as much
as the other two regions, at least when evaluating the displacements and strains.

12

Figure 4.9: a) No clipping. b) 95 % percentile clipping. ¢) 90 % percentile clipping.

* In reality, because of how the strains are computed with the Geers approach, neighbouring strain values,
and thus, their slice ranges, would also need to be considered to get the full story. But for this analysis,
only the slices in the subvolume of the chosen node will be considered.
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For the yellow region in Figure 4.6, using percentile clipping, as shown in Figure 4.9,
reduced edge effects and isolated local strain features. However, the presence of noise and
edge effects varied depending on region and view. No single clipping value could therefore
be applied universally, and the appropriate level had to be tested for each case. The
clipping helped reduce the extreme values of the strain, but most of the observed effects
remained close to the edge, limiting the detail visible in the strain field. The approach was
therefore most useful in cases where the strains were separated further from the perimeter
of the specimen.

4.2.2 Local Strain and Crack Development Analysis

The strain analysis was performed using the half-specimen view, based on the evaluation in
Subsection 4.2.1. The dataset comparisons were divided into frozen-frozen (F-F), frozen-
thawed (F-T) and thawed-thawed (T-T) groups. The evaluated regions are shown in Figure
4.10, and the observations between the F-T groups are presented in Figure E.2, while the
rest are summarised in Appendix E; Tables E.1 and E.3, with examples of the strain results
presented in Figure 4.11.

Dataset 11 (thawed)

Dataset 0 (reference)

Figure 4.10: a) Dataset O (reference), slice 180 b) Dataset 11 (thawed), slice 180. In both images three regions where we
expect to see a lot of changes are indicated. These regions then correspond to the same regions that were marked out in
section 4.2.1 Figure 4.6, but showing a representative initial slice and a later slice, further emphasizing how large these
differences will be.

a) T-T6-8

0.03 c) F-T3-4 0.03 e)F-F9-11 0.03

0.02 0.02

0.02

0.01 0.01 0.01

0.00 0.00 0.00

Strain
Strain
Strain
Strain

-0.01 -0.01 —-0.01 -0.01

-0.02 -0.02 —-0.02 -0.02

—-0.03 -0.03 -0.03 -0.03

Figure 4.11: Generally much lower strains than in the next example. This is a slice that is actually closer to the top, but still,
less strains. This shows that we have most changes along the perimeter, this makes it difficult to actually evaluate how well
the strains correspond to what we can confirm visually. In 7-9 we see larger changes, but it also affects the whole specimen.
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Table 4.12: Summary of strain localisation in the frozen-thawed (F-T) comparisons. The colours refer to the regions marked
in Figure E.1. Green indicates clear changes in strain and/or displacement vectors in expected regions, yellow indicates
weaker or uncertain changes that may be real change or noise, and red indicates no visible change.

Datasets/State Region Observation

Red  Indication of cracking, mixed strain.

-2/ T Yellow Indication of change, negative strain.
3-4 / F-T Red  Indication of cracking, negative strain.
Yellow Indication of change, positive strain.
56 / F-T Red Indication of change, no strain; edge effect.
Yellow Indication of change, positive strain.
7-8 / F-T Red Indication of cracking, no strain; edge effect.
Yellow Indication of change, positive strain.
Red  No change.
910 / F-T Yellow No change.
11-12 / F-T Red  Inconclusive displacement; large negative

strain.
Yellow Inconclusive displacement; large positive strain.

The clearest changes were generally observed in comparisons involving Datasets 6, 7 and
8. Some comparisons showed mainly positive strain, some mainly negative, and several
regions associated with cracking showed mixed positive and negative strain.

A second set of regions was also evaluated, as shown in Figure E.1, with the results sum-
marised in Tables E.4, 4.12 and E.5. This second set showed a similar pattern, with stronger
changes observed in the comparisons involving Datasets 5, 7 and 9. In several T-T compar-
isons, regions with a lot of cracking mainly showed negative strain, while regions with less
cracking showed mostly positive strain. In both evaluations, smaller changes were generally
observed in the later comparisons involving datasets 9, 10 and 11. This may be related to
the experimental procedure, since fewer freeze-thaw cycles were performed between these
acquisitions, resulting in smaller accumulated changes between datasets.

An additional example of local damage during these cycles is shown in Figure 4.12. In
the previous analyses, the specimen was mainly examined by varying the slice position in
the z-direction, in this example, a fixed position in the y-direction was instead selected,
close to the perimeter, y = 40. This allowed damage to be viewed along the height of
the specimen, where cracks and void-like regions became more pronounced throughout the
freeze-thaw cycling. In later datasets, small material fragments appeared to detach or
shift within the cracked region. This indicates that the specimen did not deform smoothly
in these regions, but instead developed local discontinuities and possible fragment move-
ment. The corresponding displacement vectors in Figure 4.13 show that a large amount of
percentile clipping was required before the expected local changes became easier to identify.
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a) Frozen 1 b) Frozen 5 c) Thawed 6  d) Frozen 7 e) Thawed 8  f) Frozen 9 h) Thawed 10 i) Frozen 11

i I
Figure 4.12: Slice at fixed position y = 40, viewed along the specimen height across freeze-thaw cycles. The green circle in

a) marks an air region present at the start, which appears to move downward during cycling. From Dataset 9 two detaching
fragments, circled in red, become visible and shift position as cycling continues, indicating local material chipping.
d) 85
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Figure 4.13: Displacement vectors (Dataset 6 to Dataset 8), overlaid on Dataset 6 (slice y = 40). Different levels of percentile
clipping: a) 100 % (no clipping) b) 95 %, ¢) 90 %, d) 85 %, e) 80 %, f) 75 %.

Analysis of Dataset 12 stood out from the other datasets, with very large and inconclu-
sive displacement vectors, as shown in Appendix E Figure E.3. This was likely related to
the alignment difficulties observed in the initial registration step, Subsection 3.2.2. How-
ever, the strain results did confirm deformation in the regions where changes were expected.

A limitation of these observations was that many of the visually identified changes were
located close to the specimen perimeter. This is also the region where the strain calculation
is considered least reliable, as discussed in Section 4.1.3. These observations are further
analysed in the discussion, Section 5.1.2, with focus on the meaning of positive, negative
and mixed strain, and on the reliability of strain values close to the specimen perimeter.
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4.3 Pore Segmentation

Figure 4.14 shows three different approaches to pore segmentation, providing different
levels of detail in how the grey-value clusters in the joint histograms were interpreted. In
Figure 4.14 a), a simple segmentation approach was used. The main clusters along the
diagonal were identified, corresponding to background, water and air phases, together with
transition regions beyond the diagonal. In this approach, both the darker and brighter air
voids were grouped together into one pore phase, providing less detailed information, but
the results were clearer and easier to interpret.

a)
Reference

f) [,

Background
. Separation between

1. Back d
ackgroun background and water

1. Background

2. Water 2. Water
3. Air 3. Air . Water
: . “Brighter” air
4. Water/Air > 4. Water/Air > . "Darker” air
Background Background :
5. Air = Water 5. Air > Water . Water/Air > Background

. Air > Water
6. Background =
Water
7. Water 2 Air

6. Background >
Water
7. Water - Air

. Background - Separation
. Background - Water

10. Water - “Brighter air”

11. Water > “Darker air”

Figure 4.14: Example of three pore segmentation approaches. a) Simple segmentation, where “darker” and “brighter” voids
are segmented as one, histogram in d). b) Segmentation where only the “darker” voids are segmented, histogram in e). c)
Complex segmentation where “darker” and “brighter” voids are segmented separately, histogram in f). Due to the previously
noted misalignment issues during the initial registration step, the complex segmentation becomes more difficult to read and
interpret.

In Figure 4.14 b), only the darker void regions were classified as air voids, while the brighter
air void regions were assigned to belong to the water phase. To determine whether both the
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Figure 4.15: Dataset 0 (reference). Cross-section of the pore visualised in Figure 4.14, supporting the interpretation that
both the darker and brighter void regions may represent air. Red curve emphasising the meniscus shape of the water inside
the pore.

darker and brighter void regions represented air, the pore was examined in cross-section, as
shown in Figure 4.15. The meniscus shape separated the brighter and darker void regions
from the clearly brighter water phase. The interpretation should however be confirmed
using the neutron data. Figure 4.14 ¢) showed a more detailed segmentation, where the
darker and brighter void regions, as well as their transition regions, were segmented sep-
arately. However, this segmentation was also more sensitive to the quality of the initial
alignment. Slight misalignments, especially in the final thawed dataset and subsequent
segmentations, could be incorrectly interpreted as pore movement. As a result, the more
detailed segmentation became harder to interpret. Regardless of the choice of segmenta-
tion style, these results showed that the joint histogram approach could be used to isolate
specific parts of the pore region, making it useful for future analysis. For the scope of
this thesis, the main interest was the movement and redistribution of water and air within
the pores, rather than the detailed separation between darker and brighter voids regions,
therefore, a simpler segmentation approach was used.

4.3.1 Analysis of Outer Pores

Outer pores were analysed using selected examples shown in Appendix F, Figure F.1. In
several of these pores, cracks extending from the pore became more pronounced throughout
the freeze-thaw cycles. Some pores consisted mainly of air and showed little visible change,
while other pores were initially fully saturated and appeared to empty during the cycles.
In these cases, the water appeared to move into nearby cracks, leaving a void behind. The
number of cycles required for an initially fully saturated pore to become empty varied, and
therefore could not be defined as a single fixed value. In this analysis, it became apparent
that pores located slightly closer to the centre of the specimen showed behaviours more
similar to those of the inner pores. This indicated that the previously assumed distance
separating outer and inner pores might not represent the true boundary between pore
groups. Instead, either an intermediate group of pores should be considered between the
outer and inner regions, or the boundary separating the two groups should be redefined
altogether. It is also possible that this boundary was not fixed in time but shifted as cycling
continued, with the outer region growing further inwards the more freeze-thaw cycles the
specimen underwent. In that case, no single distance could describe the separation, as
pores initially behaving like inner pores would gradually take on outer-pore behaviour over
the course of the experiment.
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4.3.2 Comparison of Inner, Outer and Intermediate Pores

The analysed inner pores mainly contained air, as shown in Appendix G, Figure G.1. When
water was present, it generally appeared in smaller amounts and did not seem to escape
during the freeze-thaw cycling. No clear cracking was segmented close to these pores. The
pore behaviour was strongly dependent on the height within the pore at which the analysis
was performed. Figure 4.16 showed the same pore at three different heights. At the top of
the pore, a), water was mainly observed during the thawed states, whereas air was mostly
present during the frozen states. Further down, closer to the middle of the pore, b), the
pore was mainly air-filled and showed very little variation between the freeze-thaw states.
At the bottom of the pore, c), the opposite behaviour was observed: water was mainly
present during the frozen states, whereas the thawed states mostly contained air. This
behaviour became increasingly apparent after multiple cycles.
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Figure 4.16: Segmented outer pores at three positions: a) top slice 342/977, b) middle slice 331/977 and c) bottom slice
306/977. The corresponding histograms are shown in d), e) and f), respectively.

A similar analysis was performed on an intermediate pore located closer to the inner region
of the specimen, shown in Appendix F, Figure F.3. This pore showed similar behaviour
to the inner pores. Water appeared closer to the top of the pore during the thawed states
and closer to the bottom during the frozen states, while the middle part remained mainly
unchanged and air-filled.
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Outer pores located closer to the specimen edge showed a different behaviour, as shown in
Appendix F, Figure F.4. In these pores, the same internal redistribution of water was not
observed, probably because the pore was fully saturated. After 12 cycles (corresponding to
Dataset 3), the pore appeared to crack, as an air void became visible. During the following
cycles, the pore seemed to lose most of its water content and was eventually fully emptied.

4.4 Pipelines for ESS

Python-based pipelines were developed to make the workflow reusable for future ESS
datasets. The DVC pipeline uses SPAM for global registration, local DVC, filtering, displace-
ment analysis and strain computation. These can be applied to individual dataset pairs or
complete folders, with the option to analyse frozen-frozen, thawed-thawed or frozen-thawed
comparisons. Individual processing steps can also be run separately, allowing intermediate
outputs such as the correlation grid and correlation results.

A strain visualisation pipeline was also implemented for displaying the computed strain
field and displacement vectors. The strain results can be shown for all three available strain
computation methods or for one selected method, and overlaid on the corresponding image
slice. Interactive sliders allow the user to move through the affected slices and compare
the results in different directions.

Finally, a complete evoSegment pipeline was developed for joint histogram-based segmen-

tation. Additional implemented functions included ROI selection, projection of selected
regions onto the joint histogram and label filling.

37



Chapter 5

Discussion

This chapter discusses the results from the deformation and pore segmentation analyses.
The DVC parameter choices were first evaluated in relation to convergence, resolution and
strain reliability. The strain results were then interpreted qualitatively, with a focus on the
deformation localisation, strain sign and crack development. Finally, the pore segmenta-
tion results were discussed in relation to pore position, water redistribution, cracking and
segmentation limitations.

5.1 Motion and Deformation Analysis

5.1.1 DVC Parameter Analysis

The DVC parameter study showed that no single parameter choice optimised all aspects of
the analysis. Instead, the final parameters had to balance resolution, convergence behaviour
and computational cost. The selected combination of hws = 20 pixels, nodeSpacing = 20
pixels and searchRange = 20 pixels was therefore not chosen because it provided the high-
est convergence rate in every case, but because it provided the most useful compromise for
this study. The use of overlapping nodes increased the spatial density of the displacement
field, which improved the visualisation of deformation around pores and cracks. However,
when the node spacing was smaller than the subset size, neighbouring subsets overlapped
and therefore produced measurements that were not fully independent. The denser field
should therefore be interpreted as improved spatial sampling rather than completely inde-
pendent measurements at every node.

An important outcome of the parameter evaluation was that convergence should not be
interpreted only from the convergence rate. A larger number of non-converged points did
not necessarily mean that the selected parameters were unsuitable. Across the analysed
datasets, many of the non-converged points were located near the specimen boundary,
where the correlation window may have included both specimen and background, or con-
tained too little reliable image texture. Non-converged points may also appear in regions
where the assumptions of DVC were no longer valid. DVC assumes that the same local
pattern can be tracked between the reference and evolved datasets. When a crack forms,
opens, or when fragments move independently, the local pattern may change too much for
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the algorithm to describe it as a continuous deformation. A pre-existing crack forms part
of the trackable pattern and can often still be correlated, whereas a newly formed crack has
no counterpart in the reference image and therefore tends to produce non-converged points.
In such regions, non-convergence should be interpreted as an indication of discontinuities
or damage, rather than only numerical failure.

A separate limitation appeared during the strain computations. Even after filtering, unre-
alistically large strain values remained close to the specimen perimeter. This was likely re-
lated to the Geers strain algorithm, which estimated strain from neighbouring nodes. Near
the specimen boundary, the neighbouring node configuration was incomplete or asymmet-
ric. As aresult, the strain calculation became less reliable and may have amplified boundary
effects, producing a frame-like pattern around the edge. Therefore, the large strain values
near the perimeter should not be interpreted as exact quantitative strain magnitudes.

The reliability issue therefore occurred in two stages. First, during DVC correlation, some
nodes failed to converge, most of these carried a status of -3, meaning they diverged due
to unrealistic deformation, which also accounts for the large strain values observed before
filtering, Figure 4.4 b). However, even after filtering, large strain values persisted near the
specimen perimeter (Figure 4.5), which can be explained by the second stage, the Geers
strain computation. Here, boundary nodes produced unreliable strain values because the
available neighbouring node information was incomplete, resulting in the frame-like pattern
of larger strains along the specimen perimeter. For this reason, the strain magnitudes close
to the specimen perimeter were interpreted qualitatively. They were used to identify where
changes occur and to compare whether these regions correspond to displacement vectors
and visually observed cracks.

The bit-depth comparison showed that convergence statistics alone were not sufficient to
determine the most suitable representation. More greyscale detail is beneficial for DVC
analysis as it increases sensitivity, though too much detail can introduce noise and therefore
negatively affect correlation. The 16-bit data was considered to provide the better balance
between these two factors and was therefore selected for the main analysis.

5.1.2 Strain Analysis

The strain analysis showed that displacement vectors and strain fields could be used to-
gether to qualitatively identify where local changes developed during freeze-thaw cycling.
Damage was not distributed evenly throughout the specimen. Instead, the strongest strain
localisations were found in regions where visual changes were also observed, especially close
to the specimen perimeter. Several possible explanations for this pattern were considered.
The outer region likely had the highest degree of water saturation and was probably more
exposed to the water source. Even though the water was located at the top of the spec-
imen, the experimental setup may have allowed water to be in contact with the sides as
well, and prolonged contact would have contributed to higher saturation and greater pres-
sure build-up during freezing, as shown in Section 4.3.1. Investigating the upper part of
the specimen, which was in direct contact with water would be of particular interest in
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this regard. The outer region was also more directly exposed to the imposed tempera-
ture changes, meaning it experienced the cooling and heating effects earlier. The sign of
the volumetric strains provided additional information about the type of local deformation.
Positive strain may indicate local expansion, opening or dilation, while negative strain may
indicate compression, contraction or local closing. Mixed positive and negative strain was
frequently observed in regions where cracking was also identified. This is plausible, since
crack formation may cause local opening on one side of the crack while the surrounding ma-
terial is compressed or displaced in another direction. The first strain analysis, presented
in Subsection 4.2.2 and Appendix E, Tables E.1 and E.3 showed that mixed positive and
negative strain often were associated with regions of stronger deformation, especially in
the blue region. Positive strain alone appeared more often in regions with early or weaker
indications of change, while negative strain was observed in some regions where cracking or
local closing may occur. However, the strain sign should not be interpreted alone, as some
regions were affected by the previously mentioned edge effects or inconclusive displacement
vectors.

The second strain analysis, Appendix E, Tables E.4-E.5 supported the previously seen
behaviour, but also showed a clearer contrast between regions. In several T-T compar-
isons, the red region mainly showed negative strain, while the yellow region mainly showed
positive strain. This suggests that neighbouring regions may deform differently during
the same interval, with one region undergoing local compression or closing while another
undergoes expansion or opening.

The example with the detached material fragments presented in Figure 4.13, further em-
phasises the limitation of applying DVC to these datasets, where cracks form or small
pieces of material move independently, breaking the assumption of DVC. The resulting
displacement and strain fields therefore cause uncertainty in the interpretation, making
these tools less suitable in these cases.

Based on visual comparison with image data, regions containing both positive and nega-
tive strain appeared to be the clearest indicators of local cracking or stronger deformation.
Positive and negative strain may provide important information, but they should be in-
terpreted in relation to the displacement vectors and the development of the visual crack.
The results should therefore be used to identify where deformation occurs, rather than
quantifying the exact strain magnitude.

5.2 Pore Segmentation Analysis

The brighter and darker void regions described in Section 4.3 (Figure 4.14) may arise from
how each voxel integrates attenuation over a discrete volume. A voxel containing both air
and water would then appear brighter than one filled with only air, but darker than the
water-filled voxels. The brighter voids might therefore correspond to partially filled voxels
rather than a separate phase. Figure 4.14 also showed that the pore behaviour varied with
height, meaning that the slice at which a pore is examined determines what is observed.
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Comparisons between pores should therefore sample each pore consistently and across sev-
eral heights rather than relying on a single slice, which was also done in this analysis.
The pore segmentation results showed a clear difference between pores located near the
outer region of the specimen and pores located closer to the centre. The outer pores were
in general more saturated with water, while the inner pores were mainly air-filled, with
water present only locally, often near the top or bottom of the pore. These results showed
that the degree of saturation may be related to the pore position, with pores located closer
to the perimeter appearing more saturated, as indicated in the analysis in Section 5.1.2.
Examples of outer pores in Appendix F, Figure F.1 showed how fully saturated pores,
which lacked air, were less able to accommodate the expansion associated with freezing,
increasing local stresses and contributing to crack formation. The inner and intermediate
pores were less saturated and more air-filled, and showed no visible cracking or water loss.
This indicated that in these cases, the air acted as intended, reducing the stresses of the
pore enough to prevent it from cracking. The number of cycles required for an outer pore
to crack or become fully emptied could not be determined from the current analysis. This
behaviour, and the number of cycles required, likely depends on several factors, includ-
ing distance from the specimen edge, presence of other smaller pores nearby, presence of
nearby cracks, saturation level and the size of the pore. For example, one of the clearest
cases of a pore cracking and being emptied was shown in Appendix F, Figure F.4, which
is a rather larger pore located close to the edge of the specimen. From these examples, it
was not possible to determine whether the behaviour was mainly caused by the pore being
located close to the specimen edge, by its relatively large size and water content, or by
a combination of these factors. A larger number of pores would need to be analysed to
separate these effects and provide a more statistically reliable interpretation.

The separation of water at the top of the pore during thawed states and at the bottom
during frozen states indicates that gravity was not the dominant driver of this redistribu-
tion. Something actively moved water in opposite directions depending on thermal state,
pointing instead toward mechanisms governed by the surrounding micropore network. As
discussed in Section 1.2, the cement paste surrounding the larger air-entrained pores con-
tains a network of smaller pores, such as capillary and gel pores. Due to surface tension
effects, the smaller pores will freeze later than the larger pores. This means that during
freezing, as ice forms and grows within the larger pore, water in the surrounding smaller
pores can remain liquid at the same temperature. This could produce a driving force to-
ward the growing ice and draw the unfrozen water from the pores into the larger pore.
Under gravity, it could be assumed that the water would then accumulate at the bottom.
Then, during thawing, as temperatures would rise, the ice would melt. The smaller sur-
rounding pores that lost water during freezing would now draw the water back through
capillary suction. However, this does not explain the presence of water at the top. One
possible explanation could be that the micropore connections are predominantly located
at the top of the pore. However, this remains a hypothesis and neutron data, and would
need to be confirmed through analysis of the neutron data and further investigation of the
surrounding pore network. The fact that the middle part of the pore remains air-filled
further supports the hypothesis that water is not moving through the interior of the pore,
but rather entering and exiting through connections in the pore wall. This would, again,
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need to be confirmed through analysis of the neutron data.

A direct limitation of the pore segmentation was its sensitivity to initial image align-
ment. This dependency was especially visible for Dataset 12, where the misalignment
made it impossible to gather any useful information from the segmentation. Despite these
limitations, the overall pipeline was successful in processing the datasets and provided a
way of segmenting and comparing pore behaviour during freeze-thaw cycling. The method
made it possible to distinguish between pores that remained mostly stable, pores where
water redistributed internally, and pores where water appeared to move into nearby cracks.

Both the strain analysis and pore segmentations indicate that most changes were observed

along the perimeter of the specimen, supporting the hypothesis that the outer part of the
specimen is more strongly affected by the freeze-thaw cycling.
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Chapter 6

Conclusions and Future Work

This chapter presents the main conclusions from the developed workflow and the analysis of
freeze-thaw behaviour in cement mortar. It summarises the findings from the registration,
DVC, strain analysis and pore segmentation, and identifies future work needed to improve
reliability and validate the results.

6.1 Conclusions

The thesis developed and evaluated a workflow for analysing freeze-thaw behaviour in ce-
ment mortar using X-ray tomography data. The workflow combined global registration,
DVC-based displacement and strain analysis using SPAM, and joint histogram based pore
segmentation using evoSegment. The developed pipelines were also made reusable for fu-
ture ESS datasets.

The initial registration study showed that using a representative range, excluding an
artefact-affected region, provided the most reliable and computationally efficient align-
ment. This was important as it showed that alignment of larger datasets could be made
without using the full range of the dataset, which otherwise involved memory limitations.

The DVC parameter study showed that hws = 20 pixels, nodeSpacing = 20 pixels and
searchRange = 20 pixels provided the best compromise between convergence, resolution
and computational cost for this dataset. The 16-bit data was selected for the main analy-
sis, because it preserved more greyscale detail and made artefacts easier to identify, even
though the convergence behaviour was similar to the 8-bit data.

The strain analysis showed that DVC could be used to identify regions where deforma-
tion and cracking occur during freeze-thaw cycling. The clearest changes were mainly
observed near the specimen perimeter, where most cracking was also visually identified.
However, the absolute strain magnitudes are to be interpreted with caution, since boundary
effects from the chosen strain algorithm, cracking and fragment movement and alignment
uncertainty affect the reliability of the strain values. Therefore, the strain fields were used
qualitatively to locate regions of change rather than to quantify exact deformation.
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The pore segmentation showed a clear difference between outer and inner pores. Outer
pores were generally more affected by the freeze-thaw cycles, often showing water loss and
crack formation. In contrast, inner and intermediate pores were more air-filled, showed
no cracking and showed clear water redistribution during the cycling. These results sug-
gest that pore behaviour depends on the position within the specimen and water saturation.

Overall, the results show that the combined DVC and pore segmentation workflow can
provide useful information about deformation, cracking and phase evolution within pores
during repeated freeze-thaw cycles. However, the analysis also shows that the reliability of
the results strongly depends on image alignment, artefacts, segmentation choice and the
limitation of DVC in cracked regions.

6.2 Future Work

Future work should first focus on improving the experimental set-up. A stable reference
feature outside the specimen could be included to make visual alignment between datasets
easier, provided that it can be excluded from the final analysis. The thermocouple should
also, if possible, be replaced or repositioned, since it introduced artefacts and prevented
reliable analysis in the upper part of the specimen. In addition, all experimental changes
should be documented to improve reproducibility and avoid unexplained differences be-
tween datasets.

For the DVC and strain analysis, future work should investigate methods for improving
the reliability of results close to the specimen boundary, where the largest changes were
often observed but where the strain calculation was least reliable. Padding or alternative
boundary treatments could help recover more information near the specimen edges and at
the first and last slice. The temperature data should also be analysed to help explain the
observed effects.

For pore segmentation, a larger number of pores should be analysed to confirm whether the
observed differences between inner, intermediate and outer pores are representative. As the
present study was limited to 47 freeze-thaw cycles, extending beyond this number would
help establish whether the outer region continues to grow inwards over time, and whether a
fixed boundary, an intermediate pore group, or a cycle-dependent boundary best describes
the separation. Future analysis should include pore size, estimate of water saturation, ra-
dial position, height within the specimen and distance to nearby cracks. Quantifying the
segmented air and water volumes between freeze-thaw states would make it possible to
estimate how much water remains, redistributes or escapes from the pores. Smaller pores
should be investigated, such as capillary pores and gel pores, which are expected to behave
differently than the air-filled voids, and might help explain when and why the pores crack.
Here, improved initial registration and higher-resolution imaging would be needed. Finally,
the segmentation results should be compared with neutron data to confirm whether the
observed grey-value changes correspond to actual water redistribution.
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Appendix A

Overview of the Experimental Setup and
Experiment at ILL NeXT

The relevant experiment for this study was performed at the NeXT instrument at ILL in
Grenoble, France, using an in situ freeze-thaw system, allowing simultaneous neutron and
X-ray imaging during controlled temperature cycling. A cylindrical cement specimen (10
mm height, 10 mm diameter), fully saturated with water, was fixed inside a custom-built
temperature rig positioned in a multimodal neutron and X-ray beamline. Approximately
0.5 ml of water was added on top of the sample.

The temperature rig was based on a Peltier thermoelectric element coupled to a circu-
lating cooling-fluid loop, allowing the specimen to be cooled below 0 °C and subsequently
thawed. The experimental setup was designed to allow uninterrupted rotation during to-
mography. The temperature of the system was monitored at three positions: in the water
above the sample, in the aluminium holder close to the Peltier element, and inside the
sample. See example images of the setup in Figure A.2 and schematic in Figure A.1.

After an initial reference scan (20 °C), the sample underwent one stronger freezing step,
using a lower target temperature than the later cycles (-25 °C), followed by a stronger thaw-
ing step (stepwise heating of first 10 °C and then 20 °C). Repeated freeze-thaw cycling was
then performed using ordinary cycles with a cooling target of -20 °C and a heating target
of 10 °C, where cooling initially took 30 minutes and heating 10 minutes, but the cooling
time was then changed to 35 minutes. Tomographies were acquired at selected frozen and
thawed states throughout the cycling sequence.

X-ray tomographic acquisitions were performed with a voxel size of approximately 10 pum.

Neutron tomographic acquisitions were performed using a 23 mm pinhole and a binning of
2, with a voxel size of approximately 25 um.
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Figure A.2: Photographs of the experimental set-up at the NeXT instrument at ILL. a) Overview of the rig mounted in the
neutron/X-ray imaging beamline before complete mounting. b) Close up of the mounted specimen and temperature cooling
system.
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» Temperature sensor position

Steel spring

T1:in water
above sample
T3: inside sample

Water above sample

Sample

T2: in aluminium holder
above Peltier

Peltier element

Cooling tube

Slip-ring connection

—

Coolant from
external chiller

Figure A.1: Schematic illustration of the in situ freeze-thaw system used at the NeXT instrument at ILL. The saturated
cement specimen mounted in a temperature controlled rig with approximately 0.5 ml water above the sample. Freezing and
thawing were controlled by the Peltier element coupled to a circulating cooling-fluid loop through a slip-ring connection. This
set-up allowed for tomographic rotation during the experiment. The temperature was monitored at three positions: in the

water above the sample (T1), in the aluminium holder above the Peltier element (T2), and inside the sample (T3).
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Appendix B

Example of All Three Strain Algorithm
Outputs

vol -- Geers

0.03

0.02

0.01

0.00

-0.01

-0.02

-0.03

dev -- Geers 0.06

0.05
0.04
0.03
= 0.02
0.01

0.00

0.06

0.05

0.04

0.03

0.02

0.01

0.00

Figure B.1: Both volumetric and deviatoric strain calculated for the same index as Figure 4.7 using the three different ways
of computing the strain. Comparing the three we immediately notice that the two right strains are much more similar than
the furthest left one, as expected, due to it using the noisy displacement fields for computing the strains. As we know, there
is some noise in the upper left part of the specimen, causing this type of strain artefact. It can be argued that it is much
more emphasised in the Q8 method and that we overall have more variations in the Q8 variant than in the Geers variant.
In the Geers variant we also get this characteristic cross- which is good, as it is easy to then identify noise when we have it
present, that in contrast to the Q8 approach that mostly makes the effect of the noise affect more neighbours and stand out
more. However, one can argue that the edge effects are more predominant in the Geers approach.
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Appendix C

Interpretation of Pore Segmentations

Reference

1. Background
2. Water
3. Air

J 4. Water/Air & Background
5. Air = Water

6. Background = Water
7. Water = Air

o . - fo ey
roul B lite, VAT Fex

Figure C.1: a) Segmented pores in image domain. b) Segmented joint histogram.

The resulting segmentation seen in Figure C.1 can be interpreted based on the position of
clusters in the joint histogram. Voxels located along the diagonal correspond to regions
that do not change between the reference and deformed states. In Figure C.1 b), three
such (unchanged) clusters can be seen:

e 1. Green: background (unchanged),
e 2. Blue: water-filled pore regions (unchanged),
e 3. Velvet: air-filled regions (unchanged).

Voxels located away from the diagonal represent voxels that undergo changes in greyscale
intensity, and are therefore interpreted as transitions between states:

e 4. Yellow: voxels that became brighter and are classified as background, indicating
that pore regions have shrunk or shifted,
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e 5. Purple: voxels that became darker and are classified as water, indicating that
background regions have transitioned into pore space,

e 6. Light brown: voxels that became brighter and are classified as water, correspond-
ing to a transition from air to water,

e 7. Teal: voxels that became darker and are classified as air, indicating that back-
ground or water regions have transitioned into air-filled regions.

In regards to phase evolution, the following analysis can be made. During the initial
freeze-thaw cycles, limited redistribution between water and air is observed, with the pore
predominantly remaining air-filled (velvet). In later cycles, subtle changes emerge, at
"Thawed 2” we note how most of the air-filled regions are replaced by water (light brown),
indicating fluid redistribution. At Dataset 5, the thawed state shows an increased amount
of water content in the given slice, compared to the frozen state.

Here, we can also clearly see how the misalignment effects are segmented. Particularly
in "Frozen 5”7, where the yellow regions at the top and the purple regions at the bottom
indicate an apparent downwards movement of the pore, where voxels are incorrectly clas-
sified as background above and as pore space below. A more severe misalignment is shown
in the final dataset, "Thawed 6”, where these misalignments dominate the segmentation,
and where the least teal segmentation is seen representing the transition from pore to air.
The severe misalignment makes it difficult to interpret the real physical transition with
respect to the reference state.
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Appendix D

Registration Result Tables

Table D.1: Registration results for Dataset 0 compared with Dataset 1 to Dataset 6. Binning of 2.

Range Error Iter. Time Translation ¢ = [t,,t,,t;] Rotation R = [r;,ry,, ]

Dataset 0 and Dataset 1. Expected axial shift: ~4 slices (¢,).

Thermocouple 130.01 30  6m 3s [-4.418, 0.122, 0.091] [0.184, -0.036, -0.050]
Full 121.19 36 12m 56s [-4.330, 0.214, 0.085] [0.189, -0.055, -0.074]
Representative 115.85 28  5m 31s [-4.205, 0.205, 0.011] [0.194, -0.041, -0.048]

Dataset 0 and Dataset 2. Expected axial shift: ~2 slices (¢).

Thermocouple 132.12 46 4m 49s [-1.655, 0.110, 0.058] [0.145, -0.002, -0.073]
Full 123.24 40 8m 27s [-1.611, 0.225, 0.075] [0.139, -0.002, -0.107]
Representative 121.27 39 4m 15s  [-1.782, 0.222, 0.033]  [0.097, -0.002, -0.067]

Dataset 0 and Dataset 3. Expected axial shift: ~4 slices (¢,).

Thermocouple 150.78 63  6m 29s [-3.680, 0.296, 0.253] [0.240, -0.029, -0.018]
Full 142.13 91 18m 325 [-3.627, 0.689, 0.513]  [0.206, -0.036, -0.060]
Representative 136.83 105 10m 53s [-3.696, 0.237, 0.100] [0.052, -0.023, -0.013]

Dataset 0 and Dataset 4. Expected axial shift: ~2 slices (¢,).

Thermocouple 151.71 70 7m 21s [-1.591, 0.309, 0.218] [-0.259, -0.007, 0.010]
Full 14493 26  5m 36s [-1.507, 0.746, 0.529] [-0.308, 0.002, -0.009]
Representative 143.28 51  5m 27s [-1.519, 0.260, 0.141]  [-0.348, 0.001, 0.010]

Dataset 0 and Dataset 5. Expected axial shift: ~3 slices (¢,).

Thermocouple 164.25 114 12m 31s  [-2.722, 0.362, 0.256] [0.121, -0.035, 0.008]
Full 154.52 47 9m4ls  [-2.708, 1.031, 0.710]  [0.078, -0.045, -0.044]
Representative 149.69 59  6m 9s [-3.025, 0.264, 0.112] [-0.004, -0.030, 0.013]

Dataset 0 and Dataset 6. Expected axial shift: ~1 slice (¢,).

Thermocouple 169.25 96 10m 6s [-0.515, 0.401, 0.312] [0.149, -0.032, 0.030]
Full 155.12 114 23m 20s  [-0.481, 1.119, 0.863]  [0.082, -0.035, 0.007]
Representative 139.48 53  5m 48s [-0.734, 0.272, 0.156]  [0.010, -0.022, 0.023]
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Table D.2: Registration results for Dataset 0 compared with Dataset 7 to Dataset 12. Binning of 2.

Range Error Iter. Time

Translation ¢ = [t,,t,,t;] Rotation R = [r,, 7y, 7]

Dataset 0 and Dataset 7. Expected axial shift: ~3 slices (¢,).

Thermocouple 175.48 106 11m 20s  [-2.834, 0.339, 0.241]
Full 165.49 54 11m 40s  [-2.870, 1.097, 0.746]
Representative 164.53 58  6m 24s [-3.279, 0.232, 0.072]

[-0.506, -0.044, 0.016]
[-0.598, -0.051, -0.052]
[-0.669, -0.034, 0.018]

Dataset 0 and Dataset 8. Expected axial shift: ~1 slice (¢,).

Thermocouple 178.66 147 16m 32s  [-0.318, 0.425, 0.322]
Full 160.62 149 32m 3s [-0.388, 1.444, 1.103]
Representative 164.02 68 10m 40s  [-0.576, 0.272, 0.139]

[-0.284, -0.051, 0.059)
[-0.434, -0.037, 0.013]
[-0.515, -0.028, 0.040]

Dataset 0 and Dataset 9. Expected axial shift: ~3 slices (¢,).

Thermocouple 187.77 143 15m 31s  [-2.419, 0.378, 0.251]
Full 17421 61 13m 13s [-2.440, 1.468, 1.038]
Representative 174.10 56  6m 40s [-3.074, 0.212, 0.067]

[-0.378, -0.060, 0.060]
[-0.573, -0.084, 0.023]
[-0.688, -0.033, 0.035]

Dataset 0 and Dataset 10. Expected axial shift: ~1 slice (¢,).

Thermocouple 187.87 166 18m 29s  [-0.207, 0.432, 0.286]
Full 170.52 124 28m 9s [-0.227, 1.655, 1.170]
Representative 168.28 66  7m 28s [-0.746, 0.253, 0.107]

[-0.381, -0.058, 0.082]
[-0.544, -0.059, 0.058]
[-0.608, -0.027, 0.050]

Dataset 0 and Dataset 11. Expected axial shift: ~3 slices (¢,).
Thermocouple 190.20 147 16m 53s  [-1.800, 0.351, 0.243]
Full 177.65 53 12m 12s  [-1.806, 1.387, 0.996]
Representative 176.11 55  6m 4s [-2.538, 0.210, 0.071]

[-0.398, -0.043, 0.043]
[-0.556, -0.082, 0.026]
[-0.616, -0.030, 0.032]

Dataset 0 and Dataset 12. Expected axial shift: ~15 slices (¢,).
Thermocouple 279.64 64 23m 4s [10.109, 0.183, 0.402]
Full 249.15 508 32m 558  [10.884, -0.050, 0.589]
Representative 219.40 39  Tm 7s [12.734, 0.025, 0.212]

[2.893, -0.085, -0.020]
[2.028, -0.160, -0.095]
[1.029, -0.026, -0.024]
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Appendix E

Strain Analysis Tables and Figures

E.1 Changes in the Respective Ranges 1

Table E.1: Summary of strain localisation in the frozen-frozen (F-F) comparisons. The colours refer to the regions marked in
Figure 4.6. Green indicates clear changes in strain and/or displacement vectors in expected regions, yellow indicates weaker
or uncertain changes that may be real change or noise, and red indicates no visible change.

Datasets/State Region Observation

Red  Change, mainly positive strain.
1-3 / F-F Yellow Change, cannot be distinguished from bulk
movement.
Blue Clear cracking, mixed positive/negative strain.

Red  Small change.
3-5 / F-F Yellow No visible change.
Blue  Small change, mixed positive/negative strain.

Red  Cracking, cannot be distinguished from edge

5-7 | F-F strain.
Yellow Change, cannot be distinguished from edge

strain.
Blue Clear cracking, mixed positive/negative strain.

Red  Change, mixed positive/negative strain.
79 / F-F Yellow Change, mixed positive/negative strain.
Blue Large change, mixed positive/negative strain.

Red  No visible change.
9-11 / F-F Yellow No visible change.
Blue  No visible change.

57



Table E.2: Summary of strain localisation in the frozen-thawed (F-T) comparisons. The colours refer to the regions marked
in Figure 4.10. Green indicates clear changes in strain and/or displacement vectors in expected regions, yellow indicates
weaker or uncertain changes that may be real change or noise, and red indicates no visible change.

Datasets/State Region Observation

Red  Indication of change, positive strain.
1-2 / F-T Yellow No change.
Blue  No change.

Red  Clear cracking, mixed positive/negative strain.
3-4 / F-T Yellow Change, cannot be distinguished from bulk
movement.
Blue Indication of change, negative strain.

Red  Indication of cracking, mixed positive/negative
5-6 / F-T strain.
Yellow No change.
Blue Indication of change, mixed positive/negative
strain.

Red Indication of change, some negative strain.
7-8 / F-T Yellow No change.

Blue Indication of change, negative strain.

Red  Change, some mixed positive/negative strain.
9-10 / F-T Yellow Change, cannot be distinguished from bulk
movement.
Blue  Change, mixed positive/negative strain.

Red  Inconclusive displacement; large positive strain.

11-12 / F-T Yellow Inconclusive displacement; large negative
strain.

Blue Inconclusive displacement; large positive strain.
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Table E.3: Summary of strain localisation in the thawed-thawed (T-T) comparisons. The colours refer to the regions marked
in Figure 4.10. Green indicates clear changes in strain and/or displacement vectors in expected regions, yellow indicates
weaker or uncertain changes that may be real change or noise, and red indicates no visible change.

Datasets/State Region Observation

Red  Indication of change, mixed strain.
24/ T-T Yellow Indication of change, positive strain.
Blue  No change.

Red  Indication of change, mixed strain.
4-6 / T-T Yellow Bulk movement/change; strain not comparable.
Blue Indication of change, positive strain.

Red  Clear cracking, negative strain.
6-8 / T-T Yellow Bulk movement/change; strain not distinguish-
able.

Blue Indication of change, mixed strain.

Red Indication of change, negative strain.
8-10 / T-T Yellow No change.
Blue Indication of change, mixed strain.

Red  Inconclusive displacement; large positive strain.

10-12 / T-T Green Inconclusive displacement; large negative
strain.

Blue Inconclusive displacement; large positive strain.

E.2 Changes Examples 2

Dataset 0 (reference)

Dataset 11 (thawed)

Thermocouple region

= N
@« 2
© Slice 340
D

Figure E.1: a) Dataset 0 (reference), slice 120. b) Dataset 11 (thawed), slice 120. Five regions are circled in each image,
representing regions where we visually can confirm changes between the two datasets.
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E.3 Changes in the Respective Ranges 2

Table E.4: Summary of strain localisation in the frozen-frozen (F-F) comparisons. The colours refer to the regions marked in
Figure E.1. Green indicates clear changes in strain and/or displacement vectors in expected regions, yellow indicates weaker
or uncertain changes that may be real change or noise, and red indicates no visible change.

Datasets/State Region Observation

Red Indication of change, positive strain.

13/ F-F Yellow Indication of change, negative strain.
Red  Small indication of change, mainly bulk move-
3-5 / F-F I .
ment; positive strain.
Yellow Small indication of change, mainly bulk move-
ment; positive strain.
5.7 / F-F Red Inle:atlon of change, mixed positive/negative
strain.
Yellow Cracking, mixed positive/negative strain.
7.9 | F-F Red  Bulk movement/change, positive strain.
Yellow Bulk movement/change, mainly negative strain.
9-11 / F-F Red  No change.

Yellow No change.

Table E.5: Summary of strain localisation in the thawed-thawed (T-T) comparisons. The colours refer to the regions marked
in Figure E.1. Green indicates clear changes in strain and/or displacement vectors in expected regions, yellow indicates
weaker or uncertain changes that may be real change or noise, and red indicates no visible change.

Datasets/State Region Observation

Red  Clear change, negative strain.

24/ T-T Yellow Clear change, positive strain.
46 | T-T Red  Indication of change, negative strain.
Yellow Indication of change, positive strain.
6-8 / T-T Red  Indication of cracking, negative strain.
Yellow Clear cracking, positive strain.
810 / T-T Red  Clear cracking, mixed positive/negative strain.
Yellow Indication of change, positive strain.
10-12 / T-T Red Inconclusive displacement; large negative

strain.
Yellow Inconclusive displacement; large positive strain.
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Figure E.2: a) Visualises a change that is also visible in scenario b). c¢) shows the displacement vectors corresponding to b).
d) shows a case with little change, at least in the two regions where change was expected. In all of these cases a persistent
strain pattern appears at the bottom right, contributing to a large positive strain. The large magnitude would suggest noise
but its consistency across many cycles makes it more likely that it reflects a real change that cannot be confirmed visually.
Unlike the previous examples, the strains here are more spread out, though still connected to the specimen perimeter.

Strain index = 9

Displacement vectors
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Figure E.3: Dataset 12. a) Strains overlaid on slice 220. b) Displacement vectors overlaid on slice 220.
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Appendix F

Outer Pore Segmentations

Figure F.1: Four segmented outer pores, c) and d) located along the outer perimeter of the specimen, b) located closer to the
outer perimeter of the specimen and a) located the furthest towards the centre of the specimen (considered an intermediate
pore). a) Slice 435/977. b) Slice 32/977. ¢) Slice 239/977. d) Slice 315/977.
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Figure F.2: Segmented histograms belonging to Figure F.1.

a)

Reference

Reference

Figure F.3: Segmented intermediate pore, visualising the pore segmentation at the a) top (slice 454/977), b) middle (slice
435/977) and c¢) bottom (slice 418/977).
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a)

Reference

b)

Reference

Reference

Figure F.4: Segmented outer pore, visualising the pore segmentation at the a) top (slice 262/977), b) middle (slice 239/977)
and c) bottom (slice 222/977). The subtle crack that starts to appear around Frozen Dataset 3 might be the culprit behind
the loss of water.
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Figure F.5: Segmented histograms a) belonging to Figure F.3 a). b) belonging to Figure F.3 c). c) belonging to Figure F.4

a). d) belonging to Figure F.4 c).
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Appendix G

Inner Pore Segmentations

Figure G.1: Four segmented inner pores, d) being closest to centre, a) being the second closest, then b) and ¢) being equally
far away from the centre. a) Slice 32/977. b) Slice 289/977. c) Slice 330/977. d) Slice 222/977.
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Figure G.2: Segmented histograms a) belonging to Figure G.1 b). b) belonging to Figure G.1 ¢). ¢) belonging to Figure G.1

d). Histogram a) is already printed in Section 4.3 Figure 4.14.
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