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Summary

In the context of Multiple sclerosis (MS) research, in order to detect the underlying cor-
tical pathologies, we can rely on ultra-high-field (7T) quantitative magnetic resonance
imaging (gMRI) as an alternative to the histological modality. Establishing a precise cor-
relation between those 2 modalities can pave the way for improved in vivo detection and
monitoring of the disease. Establishing this correspondence is very challenging due to the
dimensionality mismatch between 3D MRI volumes and 2D histological sections, further
compounded by severe non-linear tissue deformations such as shrinkage, stretching, and
tearing introduced during chemical fixation and sections slicing.

This master’s thesis presents the development of an automated, computational co-registration
pipeline designed to accurately align 7T ex vivo MRI scans with corresponding histological
slices. The pipeline introduces a robust, multi-modal pre-processing stage featuring adap-
tive 3D brain masking and 2D colorimetric segmentation to strictly isolate cerebral tissue
from background noise. The core 2D-to-3D affine registration is driven by a hybrid function
that balances intensity-based Mutual Information (MI) with structural gradient matching.
Optimized via a multi-resolution Z-axis grid search and Powell’'s method, this approach
successfully retrieves the arbitrary cutting plane within the 3D volume. Finally, a 2D-to-
2D non-linear elastic registration, using Thin Plate Splines (TPS) and multi-resolution
B-splines, is implemented to correct non-linear morphological distortions.

The pipeline was evaluated on two post-mortem MS brain datasets, demonstrating a
strong ability to recover the correct 3D cutting plane and to accurately align the outer
cortical contours. Furthermore, the study highlights methodological key insights regarding
multimodal optimization. We can mention the standard signal homogenization techniques
such as N4 bias field correction were found to degrade the gradient-driven MI metric by
flattening essential structural contrast. Additionally, while B-spline elastic deformations
effectively matched outer cortical silhouettes, the lack of internal regularization anchors
led to artificial warping of the internal cellular architecture.

Finally, this work serves as a promising proof of concept, providing a standardized and
reproducible mathematical framework for multimodal neuroimaging alignment. While the
pipeline demonstrates excellent matching capabilities on high-quality datasets, it also high-
lights the need for enhanced algorithmic robustness to handle lower-quality or artifact-
heavy scans. By bridging the gap between engineering algorithms and neuropathological
realities, it establishes a solid baseline for researchers and paves the way for future im-
provements in histological segmentation.
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Objective

The primary objective of this master’s thesis is to design and develop an automated com-
putational co-registration pipeline capable of aligning ultra-high-field (7T) ex vivo quan-
titative magnetic resonance imaging volumes with corresponding 2D histological slices
of human brain tissue. By establishing a robust spatial correlation between macroscopic
iImaging and microscopic ground truth, this project aims to provide a reliable mathe-
matical framework to validate MRI signatures of cortical pathologies in multiple sclerosis
research.

Due to the dimensionality mismatch and non-linear morphological distortions introduced
during tissue preparation, achieving this goal requires addressing several specific technical
sub-objectives:

e Multimodal Pre-processing: To develop a masking technique capable of isolating
cerebral tissue across different modalities.

e Macroscopic Spatial Orientation (3D Affine Registration): To implement a hy-
brid objective function balancing intensity-based Mutual Information with structural
gradient matching to successfully retrieve the arbitrary 2D cutting plane within the
3D MRI volume.

e Microscopic Morphological Alignment (2D Non-Linear Registration): To apply,
evaluate and correct elastic deformation models

Ultimately, this thesis aims to deliver a functional proof of concept that is able to translate
complex image processing algorithms into practical tools for medicine research, introducing
a method for fully automated registration tools in the future.
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Introduction

Currently, in vivo detection and monitoring of cortical pathology in patients with multi-
ple sclerosis (MS) remain a challenge for conventional clinical magnetic resonance imag-
ing.(1.5T or 3T for example). Indeed, as said by Nistri & al[1], due to their small size and
low constrast, cortical lesions are hard to see using conventional clinical MRI sequences
(e.g., T1lw, T2W or FLAIR). Some other techniques are said to have improved the visu-
alization but those techniques remain limited in routine diagnostic. Thanks to a higher
signal-to-noise ratio and increased spatial resolution, quantitative 7T MRI also allows for
the highly accurate identification of small structural changes in cortical myelin, thereby
providing a better understanding of disease progression.

The importance of combining MRI scans and histological data is well-known, in particulate
to better assess and validate what can be seen from MRI scans. In 2012, Annese & al. [2]
highlighted the need to establish a correlation between MRI and microscopic techniques
to overcome the limited spatial resolution of the scanners. Providing them histological
slices brings data with a higher resolution, but those data cannot provide a 3D image of
the brain. The 3D spatial information provided by MRI combined with the cellular and
molecular features given by histology could be crucial for further research. To summarize,
it has been a lot of years since this issue is known with some tools that appeared, but none
of them can be directly applied in the context of Dr Lommers’ study.

In her current research on multiple sclerosis (MS) and its impact on the brain, Dr Emilie
Lommers aims to establish precise correspondences between microscopic histological slices
and macroscopic MRI scans.

To do so, she performed quantitative MRI on the 7T MRI, available at the GIGA in vivo
imaging platform (at the Cyclotron Research Centre) of the University of Liege, of ex vivo
brains from MS patients.

Then, the histological slices were processed and scanned at the (Division of Neuropathol-
ogy and Neurochemistry at the Medical University of Vienna). This multimodal approach
is designed to investigate the link between the histological quantification of cortical de-
myelination and remyelination. To achieve this, a multiparametric MRI protocol is used,
allowing for the extraction of quantitative maps, such as the effective transverse relaxation
rate (R%), Proton Density (PD), and Magnetization Transfer saturation (MTs,;). These
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specific parameters provide important insights into the microstructural integrity and myelin
content of the tissue.

A major issue arises because the brain undergoes important spatial misalignment between
the 3D high-resolution MRI volumes and the 2D slices obtained through histological sec-
tioning, making direct comparisons between these modalities nearly impossible.

This project aims to develop an automated co-registration pipeline that bridges the gap
between ex vivo MRI and histological sections. By transposing microscopic ground truth
onto macroscopic MRI volumes, this tool will enable Dr. Lommers to identify previously
undetectable MS lesions, deepening the understanding of cortical pathology. Accomplish-
ing this requires addressing several technical challenges inherent to multimodal alignment.
We can already mention:

e Difference in angle: Interpolation to account for the difference in angle between
the MRI slices and histological cuts.

e Physical deformations: Deformation that could have occurred during the slicing
itself or all other manipulations made on the brain (during transport, for example).

e Resolution and dimension: The difference of resolution and dimension is also an
issue while trying to match the data. Matching two different modalities that are also
at different dimensions (2D for the histology and 3D for MRI) is not straightforward,
especially if we want to keep the higher resolution on histological slices.

e Thickness and layers: Differences of thickness or even the number of layers will
have to be taken into account for the histological blocks.

e Artifacts and distortions: The brain could have suffered from dehydration, paraffin
embedding, and other distortions that brought more artifacts to be accounted for
when the histological slices were coated by the contrast stains.
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Theoretical Background

2.1 Multiple sclerosis (MS)

The cortex has the ability to regenerate the myelin sheaths through a process called re-
myelination (RM), where oligodendrocyte progenitor cells and probably also mature oligo-
dendrocytes produce new myelin sheaths, a repair mechanism that is more widespread in
the cortical gray matter compared to the white matter [3]. However, this process tends
to decrease and even disappear for the MS patients. This is illustrated on Figure 2.1

In the healthy central nervous system, oligodendrocytes are the most iron-rich cells, with
iron being predominantly concentrated within their associated myelin sheaths [4]. How-
ever, in Multiple Sclerosis, this physiological iron homeostasis is disrupted. The disease
progression can lead to a high loss of iron due to the destruction of myelin and the degen-
eration of oligodendrocytes. Concurrently, iron pathologically accumulates in specific focal
structures. For instance, this accumulation occurs at the edges of demyelinated plaques,
forming what is called: chronic active lesions or "iron rim" lesions. This iron can be used
as biomarker during MRI scans because active/inactive MS lesions have a propensity to
accumulate iron at their edge in microglia and macrophages and imaging studies suggests
a lower frequency of remyelination in iron rim or active/inactive lesions, when compared
with lesions without iron rims [5].

MULTIPLE SCLEROSIS
Healthy Nerve aﬂ"fcﬁg
y
‘ Damaged
‘ < myelin
“
N -
] Node of Ranvier
=
“‘Y - Expoé @
! fiber
Schwann
cells /
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Figure 2.1: Multiple sclerosis illustration

Despite the advancements in MRI technology, magnetic resonance remains an indirect
macroscopic measurement. To confirm that the variations in MRI signals (like R2* or R1)
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truly correspond to demyelination or iron-loaded microglia, researchers must correlate the
scans with microscopic cellular data. Histology remains the gold standard for this purpose.
An other issue comes from the histological process involving intense chemical and physi-
cal manipulations. The brain tissue is fixed, dehydrated, embedded in paraffin, and sliced
using a microtome. These steps introduce severe non-linear deformations, including tis-
sue shrinkage, stretching, and tearing. To mitigate the loss of the 3D spatial context
during slicing, modern protocols employ Blockface Imaging. By taking high-resolution
photographs of the paraffin block's surface right before each cut often using specific light-
ing setups like the Brewster angle to eliminate glare and accurately capture the surface
shape researchers obtain an undistorted 2D visual reference of the slice (will be detailed
in section 3.1).

Conventional clinical MRI (1.5T or 3T) remains the standard imaging technique for MS
diagnosis, as it effectively visualizes macroscopic lesions within the white matter. Specific
sequences, such as To-weighted fluid-attenuated inversion recovery (FLAIR), can partially
improve the detection of cortical and leukocortical lesions [6] but conventional imaging
faces fundamental limitations. Firstly, it lacks the sensitivity required to detect more
discrete disease features, including purely cortical lesions, diffuse neuroinflammation, and
progressive neurodegeneration. Secondly, and most important, the signal intensity changes
observed on conventional scans are not pathologically specific. Because they lack sensi-
tivity to microstructural changes, standard contrasts are insufficient to distinguish active
demyelination from the remyelination process.

To overcome these diagnostic barriers, ultra-high-field 7T MRI provides an efficient al-
ternative. By using quantitative mapping, such as 7; and 75 analyses, 7T MRI has
demonstrated excellent reproducibility and an increased sensitivity to cortical MS pathol-
ogy compared to conventional scanners [7].

2.2 Physics of Ultra-High Field MRI (7 Tesla)

As mentioned, typical MRI scans are at 1.5T or 3T. Here, a much higher magnetic field
of 7T is used, this field is used for ex vivo MRI, allowing for much longer scan times, and
thus providing much higher sensitivity along with a much higher resolution of the obtained
data.

2.2.1 Gain of the Signal-to-Noise Ratio (SNR)

The primary benefit of 7 Tesla MRI lies in the significant increase in the Signal-to-Noise
Ratio (SNR). In this context, the equilibrium net magnetization (M) is directly propor-
tional to the strength of the static magnetic field (By). Consequently, as By increases,
the net magnetization vector grows, leading to a proportionally larger signal induced in the



CHAPTER 2 2.2. PHYSICS OF ULTRA-HIGH FIELD MRI (7 TESLA)

receiver coils.

This SNR gain offers several advantages compared with lower magnetic field scans, it en-
ables to obtain an ultra-high spatial resolution of 300 um. However, it must be mentioned
that reaching this level of detail is not only the result of the ultra-high magnetic field. It
also requires an ultra long data acquisition time (exceeding 12 hours) to collect the large
amount of data necessary to obtain a good SNR at such microscopic scales. This type of
scan is only possible for ex vivo imaging. However, this high resolution makes it possible
to identify cortical layers and micro-lesions that remain invisible at 3T, enabling a direct
correlation between ultra-high field MRI and neuropathological microscopy [8].

2.2.2 Increased Sensitivity to Magnetic Susceptibility and Iron De-
tection

Beyond the resolution benefits, 7T MRI also offers superior sensitivity to magnetic sus-
ceptibility. This effect is very important for Multiple Sclerosis research, as it allows for the
non-invasive visualization of iron-rich structures.

Magnetic susceptibility causes local distortions of the magnetic field in the presence of
paramagnetic substances such as iron. The resulting spin dephasing, characterized by the
effective transverse relaxation rate (R%), is directly proportional to the field strength By.
Consequently, iron-related contrast is highly magnified at 7T. Iron accumulations within
macrophages and microglia at the borders of active MS lesions will then create an enhanced
contrast. This allows for a far more accurate characterization of the lesions compared to
conventional clinical systems.

2.2.3 Quantitative MRI and Multi-Parameter Mapping (MPM)

Conventional clinical MRI mostly relies on T;-weighted or T>-weighted sequences, which
provide excellent qualitative contrast for routine diagnostics but are also affected by multi-
ple tissue properties and scanner-dependent parameters. Consequently, the pixel intensities
in these weighted images are not consistent between patients and this decreases the physi-
cal specificity and consistency bringing a lack of reproducibility and interpretability between
patients, sites and so it makes any study more complex to continue across researchers.

In order to achieve a true method to extract quantitative data, following [9], it is necessary
to use quantitative MRI (gMRI). The Multi-Parameter Mapping (MPM) protocol is a
highly specialized gMRI framework designed to acquire the real physical properties of the
brain’s microstructure. The MPM protocol typically provides four distinct quantitative
maps:
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e Longitudinal relaxation rate (R; = 1/T7): Sensitive to myelin content [5], but also
to iron, lipid, and free water.

o Effective transverse relaxation rate (R = 1/7}): Highly sensitive to local mag-
netic susceptibility gradients, Rj serves as a quantitative biomarker for mapping
both paramagnetic iron and diamagnetic myelin, the presence of both components
increases R values [4]. This parameter is also influenced by the strength of the main
magnetic field (Bg) as well as the spatial orientation of the myelin fibers relative to
this field.

e Magnetization Transfer saturation (MT;,): Provides a measure of the macro-
molecular tissue fraction, offering high specificity for myelin density [5].

e Effective proton density (PD*): Reflects the tissue's free water content.

In [10], Weiskopf & al demonstrated the reproducibility of the results within the same
site and across different sites weighted MRI scans are highly susceptible to instrumental
biases: with inter-site variations that can reach up to 20% for example. In the paper,
they use the Multi-Parametric Mapping (MPM) to map the four majors tissue properties
mentioned here above. The results show a drop in the inter-site bias (remaining below
5%). Furthermore, the inter-site coefficient of variation (CoV) did not exceed 8% (except
for R% where it goes up to 20%). Also non-quantitative techniques, such as conventional
Ti-weighted imaging, yielded significantly higher variability but it's expected since it as a
non-quantitative technique. It also justifies its application in our study’s dataset.

However, extracting these pure physical parameters from raw multi-echo FLASH (Fast
Low Angle SHot) acquisitions requires complex biophysical modelling. As demonstrated
in [11], images acquired with 3D FLASH sequences are highly susceptible to signal and
contrast-to-noise ratio (CNR) inhomogeneities, primarily driven by spatial variations in the
radio-frequency coil configuration. At ultra-high fields (7 Tesla), these inhomogeneities in
the transmit field (B;") can heavily bias the actual flip angles. If left uncorrected, these
hardware-induced variations shift tissue intensity distributions, blurring the boundaries be-
tween structures like gray and white matter and ultimately corrupting the quantitative
maps.

To understand how quantitative maps are generated, it is important to look at the un-
derlying acquisition sequence. As mentioned, the MPM protocol relies on 3D multi-echo
FLASH sequences. This sequence is performed as follows:

After a single Radio Frequency (RF) excitation pulse (with flip angle a), the readout gra-
dient (Greadour) rapidly alternates to acquire multiple echoes at successive Echo Times
(TE) within a single Repetition Time (TR). This multi-echo sampling is fundamental for
MPM, as the exponential decay of the signal across these successive echoes allows for the
precise quantification of the R relaxation rate over time. By tracking the signal decay
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across these multiple readouts, we can first extend the decay model to estimate the orig-
inal signal at TE=0s and the biophysical models can separate the true tissue relaxation
(R%) from hardware biases, leading to the highly reproducible quantitative maps used in
this study as shown on Figure 2.2.

We can also mention that Rj is a key biomarker for iron accumulation in multiple sclero-
Sis.
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Figure 2.2: Pulse sequence diagram of a Multi-Echo FLASH acquisition.

To overcome any hardware-induced biases, the raw data must undergo rigorous process-
ing. As highlighted by Wang & al. [11], correcting these FLASH acquisitions requires
spatial registration alongside the accurate estimation of the actual By transmit field and
the receive coil sensitivity. Furthermore, to extract the pure physical parameters from
these corrected signals, parameter optimization is required. In modern neuroimaging, this
mathematical reconstruction is intensive but standardized using specialized software frame-
works, such as the widely adopted hMRI toolbox [12], ensuring that the resulting Ry, R3,
PD*, and MT,,; maps genuinely reflect the underlying cellular architecture rather than
scanner artifacts.

2.3 Histology

2.3.1 Tissue Processing and Induced Deformations

Although histology provides essential microscopic validation, the extensive protocol re-
quired to prepare brain tissue for microscopic examination introduces severe structural
alterations. All the manipulations made from the 3D post-mortem brain to a 2D glass
slide are highly invasive and alters the spatial integrity of the tissue.

Based on the specific neuropathological protocol used for this dataset, the brain tissue
undergoes several chemical and physical steps:

1. Fixation: The whole brain undergoes immersion fixation in a buffered 4% paraformalde-
hyde (PFA) solution for a duration ranging from two weeks to three months. This
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chemical cross-linking process stops degradation but also induces global tissue shrink-
age.

MRI acquisition: Once the brain is fixed, it undergoes the ex vivo scan allowing to
capture the whole brain structure before the cutting procedure.

Macroscopic Slicing and Embedding: The brain is first cut into 1 cm thick coronal
sections. These thick sections are then progressively dehydrated using alcohols,
cleared with solvents, and embedded in paraffin wax. This embedding step hardens
the tissue but can also cause further tissue shrinkage.

Microscopic sectioning The hardened paraffin blocks are cut into ultra-thin, 10 um
thick whole double-hemispheric slices using a heavy-duty tetrander microtome.

Mounting and Staining: The 10 um slices are floated on a water bath, collected
on large glass plates, and put in contact to specific stains.

The slicing and mounting stages can cause several deformations. The mechanical force of
the microtome blade slicing a histological block 10 um thick, combined with the floating

process, induces non-linear deformations in the 2D slice. These include stretching, com-

pression, tearing, and folding. Furthermore, the angle at which the manipulators made the

cuts of 1 cm coronal slabs is manual and rarely aligns perfectly with reference planes used
in the 3D MRI acquisition.

Several specific stainings are applied on the histological slices to highlight distinct features

of multiple sclerosis:

Hematoxylin & Eosin (H&E): used for the general evaluation of pathology and
cellular cytoarchitecture [13].

Kluver-PAS: employed for the depiction of myelin to precisely assess areas of de-
myelination, also referred as Luxol fast blue (LFB) [13].

DAB-enhanced Turnbull blue: a specific staining optimized for cortical iron visu-
alization.

GFAP immunohistochemistry (IHC): used to highlight cortical astrogliosis [14].
MAP2 IHC: applied to evaluate neuronal density [15].

CD68 IHC: targets microglia and macrophages, which is crucial for visualizing
chronic cortical inflammation [16].

PLP IHC: used to assess intracortical myelin density, including the detailed cortical
myeloarchitecture [13].

TPPP/p25 IHC: applied to measure mature cortical oligodendrocyte density [16].
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e BCAS1 IHC: a specific marker utilized to identify remyelinating oligodendrocytes
and assess the remyelination process [17].

An example of an histological analysis made by Dr Lommers is shown on Figure 2.3.

(a) Histological slice with PLP staining (b) Histological slice with PLP staining and an-
notations

Figure 2.3: Example of a qualitative assessment of a histological slice. Green: demyeli-
nated WM lesions. Red: Demyelinated cortical lesions. Blue: sign of repair within cortex
(sign of cortical remyelination).

2.4 Blockface Imaging as a Registration Intermediary

To mitigate the severe non-linear deformations introduced during histological process-
ing, modern neuropathological pipelines introduce an intermediate photographic reference
known as blockface imaging. This technique consists of capturing a high-resolution pho-
tograph of the paraffin-embedded tissue block surface immediately before each cut [18].

Because these images are acquired prior to any physical slicing, they inherently preserve
the macroscopic geometry of the tissue [18]. Consequently, the blockface photographs
serve as a reliable geometric bridge between the 3D MRI volume and the deformed 2D
histological slices. This allows for the decoupling of the complex co-registration issue
into two distinct, more manageable steps: a 2D-to-2D registration (to map the distorted
histology back to its undistorted blockface shape) preceded by a 2D-to-3D rigid or affine
registration (to locate the blockface plane within the 3D MRI volume) [19]. The practical
computational implementations of this intermediary strategy, as well as their technical
limitations, will be further discussed in section 3.1.

10
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State of the art

Bridging the gap between 3D MRI volumes and 2D histological slices remains a challenge
due to tissue deformations. This chapter reviews the state of the art in multimodal
co-registration, categorizing existing strategies into physical hardware-based setups and
computational software pipelines.

3.1 Hardware-based models

Different studies previously attempted to co-register MRI scans and histology. We can
mention one from Jung & al[20], where they provide a hardware-based method for an
alignment of the images from both method in several steps: They acquired first an in vivo
scan of the brain, followed by an ex vivo one in order to create a rotation matrix after reg-
istration between the scans. Using this rotation matrix the brain was placed in an agarose
block and trimmed to physically match its original in vivo orientation. Subsequently, a
second ex vivo scan was performed using a localizer to plan 4 mm-thick slices. Finally,
the histological slices were cut at 4mm intervals to ensure that their orientations remained
aligned with the initial /n vivo scan as illustrated in Figure 3.1.

However, this physical alignment method presents some practical limitations. First, it
requires a preliminary in vivo scan, and also to place the brain in the agarose block. All
those steps are often very complex or even impossible to implement .

An other issue that emerges from this method is that it does not accounts for all the
tissue deformations that occurred during the earlier steps of the process. Indeed, following
the standard pipeline used in our research, brain tissues could already have undergone
a lot of deformations proving their fragility. Using the physical method presented by
Jung & al[20]: these subsequent elastic deformations are left completely unmeasured and
uncorrected.

A more recent and computationally advanced approach was proposed by Wang & al.
[18] that was published last year. They enhanced the standard blockface photography to
develop a technique named Brewster Blockface Quantification (BBQ). Their method
begins with an ex vivo MRI scan (with a 7T MRI), after which the brain is embedded in
paraffin and sliced. The major upgrade it provides is that they use what is called Brewster
angle (setup from Wang & al. shown on Figure 3.2). It is used to capture the surface

11
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Figure 3.1: Flowchart of the hardware-based co-registration procedure developed by Jung
& al.[20]

shape before cutting. This specific optical configuration helps noticing deformations that
could occur during the slicing.

Following the slicing, a first manual co-registration is performed with re-orientation using
ITK-SNAP to provide a coarse alignment. The precise, automated registration is then
executed using the Tensor Image Registration Library (TIRL) [19]. TIRL applies sophisti-
cated non-linear transformations to correct for the more complex tissue deformations that
have occured during the manipulations, mapping 2D histological pixel coordinates into the
3D physical voxel space of the MRI. demonstrated excellent accuracy, achieving spatial
overlaps with Dice similarity coefficients frequently exceeding 90%.

This technique once again is very efficient but needs a prior aligment of the data using
the optical hardware not used here. Since the Brewsters blockface quantification was not
performed on the present data, this matching methods is neither not applicable.

An other trial to solve this alignment issue was to address it since the MRI scan itself. For
instance, Absinta & al [21] developed a method using individualized, 3D-printed cutting
boxes based on post-mortem MRI surface renderings to physically guide the brain slicing
process along specific MRI planes. This approach is however hardware-based and must be
executed before cutting the histological slices to improves the initial macroscopic align-
ment. It presents several limitations: it requires custom 3D printing for every single brain

12
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Figure 3.2: Blockface imaging setup proposed by Wang & al. [18]. The front and top
views illustrate the specific optical configuration utilizing Brewster's angle (57° to the
surface normal) between the light source, the tissue block, and the camera. A humidifier
Is applied prior to sectioning to maintain tissue integrity.

specimen, and most importantly, it does not account for the subsequent microscopic tissue
deformations such as shrinkage, stretching, and tearing that inevitably occur later during
chemical fixation and paraffin embedding.

Consequently, even if this approach could resolve the difference of angles issue, it will not
take all the deformation and dimensional issues that still must be taken into account. This
still need computational co-registration, relying on multi-modal registration algorithms
and intermediate blockface imaging as will be developed in this thesis, in order to achieve
precise, microscopic MRI-histology alignment.

3.2 Computational Approaches: The Limitations of Feature-
Based Methods

Since physical and prospective alignment methods are often impractical for standard tissue
processing, the registration often relies primarily on computational algorithms. Usually,
most of these solutions have depended on feature-based registration techniques.

An alternative family of registration methods relies on the detection and matching of local
image features rather than on global intensity statistics. The most prominent example
is the Scale-Invariant Feature Transform (SIFT), initially introduced by Lowe [22] and
later refined by him in [23]. SIFT extracts distinctive keypoints from an image such as
corners, edges and particular locations, describes them with a local gradient histogram
that is invariant to image scale, rotation, and partially invariant to illumination changes
and affine distortions [23]. Correspondences between two images are then established by
matching these descriptors using a nearest-neighbour strategy, providing a set of point
pairs from which a geometric transformation can be estimated.

13
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Significant efforts have been made to adapt these techniques for medical neuroimaging.
For instance, Rister & al. [24] successfully extended the SIFT algorithm to three dimen-
sions for volumetric medical image registration. Their 3D-SIFT implementation proved
highly effective for aligning 3D intra-modal volumes (e.g., matching brain MRI scans to
existing anatomical atlases using affine transformations), and was even validated on sim-
ulated MR images featuring multiple sclerosis lesions [24].

The issue is that their algorithms fundamentally struggle with extreme multi-modal chal-
lenges, such as matching a 7T MRI slice to a blockface photograph or a stained histological
slice. The contrast mechanisms generating these images are entirely distinct, as the in-
tensities and key features that are usually essential are now no more, leading to several
critical failures:

¢ Intensity inversion and absence of shared gradients: a prominent edge in a quan-
titative MRI map may not produce a corresponding geometric edge in a standard
blockface photograph depending on the contrast of the MRI (R; or R} for MRI
provide opposite constrast for example). Furthermore, the gradients might appear
completely different, inverted or even absent depending on the specific histological
stain used (e.g., PLP for myelin vs DAB for iron).

e Background inconsistencies and artefactual keypoints: feature extractors are
easily confused by non-anatomical background noise. Even if they may look the
same, backgrounds around ex vivo MRI, blockface images or stainings slices are
very different (in colours, intensity, composition,...). Algorithms like SIFT often
detect thousands of "keypoints" in those backgrounds that are totally irrelevant for
matching, leading to several misalignments.

e Microscopic deformations: the tissue tearing and stretching induced by the manip-
ulations physically alter the local geometry. Consequently, a keypoint's surrounding
gradient neighbourhood in the deformed histology slice no longer matches its spatial
neighbourhood in the undistorted MRI.

Because homologous anatomical landmarks cannot be reliably extracted across such dis-
tinct modalities, feature-based methods are inadequate to be used directly for precise
MRI-histology co-registration. This necessitates the use of alternatives that may have
similarities to SIFT but that will be much more consistent across samples and are also less
specifics to only one modality (MRI in the case of the SIFT) but also to match images
coming from different modalities.

14
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3.3 Justification for a Custom Registration Pipeline

All those tools already seem to be working well, however they are primarily optimized for
standard 3D-to-3D registration. Applying these generalized tools directly to our specific
dataset would give poor results and co-registration failures, which necessitates to develop
an original and new pipeline that would take all the parameters we have that are more
conventional but also less well prepared to fit into their tools.

The requirement for a custom algorithm arises from some computational challenges:

1. The 2D-to-3D Registration issue: As mentioned, standard algorithms are designed
for data matching of corresponding dimensions. Registering a single 2D histological
slice into a whole 3D MRI volume requires a more intensive data processing capable
of iteratively extracting 2D planes defined by arbitrary angles.

2. Avoidance of outliers: optimization algorithms used in standard software are highly
susceptible to local minima if the initial spatial alignment is poor. Because the cutting
angle of the histological block is arbitrary and unknown, a standard optimizer will
not be able to match slices with such a large relative angle between them. Our
custom pipeline will be able to take this angle into account and then find the global
best matching across the angular space before initiating the fine-tuning optimization
algorithm.

3. Background Artifacts and Strict Masking: Algorithms provided by the different
authors attempt to register all image intensities, including the background. In our
multi-modal dataset, the background comprises completely unrelated materials that
bring some noise to the image and tends to falsify the true intensity distribution
across the corresponding slices. Developing a custom script allowed for the rigorous
implementation of brain masks, forcing the Mutual Information metric to be evalu-
ated exclusively on the brain tissue (different masks must be created depending on
the nature of the data available).

Consequently, developing a programme framework using Python is essential to achieve the
precision required to match ultra-high field MRI signals with histopathology.

3.4 Intensity-Based Registration and Mutual Information

An alternative to the feature-based matching exploits a totally different approach: instead
of matching geometric structures based on their intensities and shapes, these methods
measure the statistical dependency between the intensity distributions of the two images.
In other words, the algorithm aims to predict the intensities around pixels/voxels of an
image A based on the intensities around the corresponding pixel/voxel in the image B.
To achieve this, the registration process uses Mutual Information (Ml), a highly robust
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metric that will be the basis of this multimodal image alignment.

This approach was first introduced by Viola & al that used it for a broad range of applica-
tions (visages, car, all sort of objects) [25]. It demonstrated that this matching technique
has a wide range of possibilities but, once again, all the images compared had the same
modality as well as the same general characteristics. However comparing two brains must
differentiate finer and more precise fluctuations.

Shortly afterwards, Maes & al. [26] specifically adapted and validated the metric even
for multi-modality. This comes from the fact that no assumptions are made about the
nature of the intensity correspondence, making MI robust to the modalities that makes
the feature-based technique like SIFT fail.

3.4.1 The EMMA Formulation (Viola and Wells)

The first concrete and efficient formulation of MI-based alignment for computer vision was
proposed by Viola and Wells [25] under the name EMMA (EMpirical entropy Manipulation
and Analysis). Here, MI treats the image intensities themselves as continuous random
variables. To estimate the underlying probability density p(z) of a specific intensity value
z, EMMA uses the Parzen Window method: superimposing Gaussian densities Gy, over
the intensity values z; of a randomly drawn sample set of pixels A:

p(2)~ 73 Gulz - 2)

ZiEA

The differential entropy h(z) = — [ p(z) In p(z) dz is then approximated using the sample
average over a second independent sample B:

h(z) ~ _NLB Z In NLA Z Gy(zi — zj)

zieB ZJEA

This continuous and differentiable formulation allows the analytical derivative of the en-
tropy with respect to the spatial transformation to be computed, driving alignment via
stochastic gradient. A key practical contribution of Viola and Wells [25] is the use of
stochastic sampling: in fact rather than evaluating Ml over all image points, a small ran-
dom subset is drawn at each step (arbitrary number of samples taken). This reduces
computational cost while preserving convergence. Moreover, Viola & al have found that
issues that may arise from taking a whole dataset because it may cause local minima to
appear. But the stochastic sampling overcome this issue, the noise introduced by sampling
can penetrate small local minima [25].
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3.4.2 Adaptation to Medical Imaging

EMMA was proven to be working well on general problem but Maes & al. [26] specif-
ically adapted and validated the MI paradigm for the complex intensity distribution of
neuroimaging. Rather than using continuous Parzen windows, they proposed a robust
discrete formulation based on the joint image intensity histogram.

To compute the Mutual Information, we first bin the intensity pairs (f, r) of the floating
image F and the reference image R into a 2D joint histogram, denoted as hy(f, r), which
depends on the transformation a.. From this histogram, we estimate the joint and marginal
probability distributions by normalizing h,(f, r) as follows:

he(f, 1)
SR RN
pr(f)=>_ prr(f.r) (3.1)

pr(r) = ZPFR(fr r)

The intensities of both images are first linearly rescaled to a predefined range ( [0, nF — 1]
and [0, ng — 1]), resulting in an ng X ng joint histogram. The resolution used by [26] is
256 x 256 bins.

Using this discrete framework, Maes & al. expressed the Ml criterion through the Kullback-
Leibler divergence form:

(o) = ZpFR(f, r)log, %

Kullback-Leibler divergence measures the statistical distance between the joint probability
distribution of the two images (prr) and the distribution that would be expected if the
two images were statistically independent (pr X pr). By maximizing this divergence, the
statistical independence between the images is minimized, forcing the registration algorithm
to maximize the information shared between the MRI and the histological reference. A
registration is considered optimal when statistical consistency between the aligned images
is maximized. Mathematically, the optimal transformation o* is found by determining the
parameters that maximize this Mutual Information score:

o =argmax/(a) (3.2)

An issue that arise comes when a transformation a results in sample points that do not
coincide with the discrete grid points of the reference image. In other words, standard
interpolation methods are insensitive to translations smaller than one voxel and create
discrete jumps in the joint histogram that introduce noise into the optimization process.
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It can also introduce new intensity values because it calculates the intensity at a non-grid
position as a weighted average of the intensities of the eight nearest neighbour voxels (i.e.,
smoothing). If the transformation makes a pixel travel to a position surrounded by various
intensity values, its intensity will then be changed.

To ensure that the histogram varies smoothly with the transformation o, they introduce
trilinear partial volume (PV) interpolation. Instead of assigning a sample’s contribution
to a single histogram bin, the algorithm now distributes the weight of a single intensity
pair across the entries of the eight nearest neighbors in the reference grid, using the same
weights as trilinear interpolation. This approach ensures that after the transformation «,
the pixel’s intensity is now spread on their neighbours (the closest have the largest weight),
considerably improving the robustness of the optimizers. Validated on rigid-body CT /MR
and PET/MR registration, this approach achieved sub-voxel accuracy, completely auto-
matically and without any prior segmentation.

Finally, in both the continuous and discrete formulations, no assumptions are made about
the nature of the intensity correspondence between modalities. This makes MI much more
robust to the contrast inversions and background artifacts than feature-based methods
like SIFT.

3.4.3 Application to Histology-MRI Co-registration

The application of MI to the specific problem of histology-MRI registration was demon-
strated by Meyer & al. [27], who registered a single H&E-stained histological slide to an
in vivo 7T MRI volume of a rat brain. Their pipeline used blockface photography as an
intermediate registration step and relied on M| maximization for the alignment, a strategy
that is directly linked to the approach developed in the present work.

More recently, Aquino & al. [28] applied a similar Ml-based slice-to-volume framework to
ex vivo 7T MRI and histological slices from epilepsy patients. Their work is particularly
relevant here, as it shares the same data modalities and 2D-to-3D registration and in the
previous papers, the slice-to-volume registrations (2D to 3D matching) were not discussed.
However, their method employs a 2D correlation coefficient as a similarity metric, which
requires high contrast consistency. As they say, "being MRI planes and histological slicing
already in geometrical correspondence by means of the previously mentioned cutting-box."
meaning that their workflow is working on data already pre-matched. However designing
and manufacturing a custom 3D-printed box for each brain is time-consuming and expen-
sive, making this approach highly impractical for large number of data.

Despite its robustness, Ml-based optimization has also some limitations. As a global metric
evaluated over sampled image points, it can be highly sensitive to the initial estimation
and may converge to local optima when the starting point of the analysis is far from the
global maximum. In this context, we can mention that if the initial estimation is made in
the peripheral background regions, those regions will be compared first and quickly reach
a local maximum if they are similar. This limitation has a huge impact on the matching
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results by making the two images correspond based on irrelevant information from each
one.
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Chapter 4

Materials

Before detailing the specific imaging and histological protocols, it is important to add some
context about the origin of the anatomical specimens used in this methodological project.
The data used for the development and validation of the co-registration algorithms orig-
inate from researches investigating the multi-scale pathology of Multiple Sclerosis (MS).
The post-mortem brain specimens were carefully extracted and provided by the Division
of Neuropathology and Neurochemistry at the Medical University of Vienna, Austria. For
the scope of this thesis, a subset consisting of two post-mortem MS brains (designated as
Patient 784 and Patient 854) was given. The complete experimental pipeline applied to
these specimens involves two physical phases conducted across different places: an initial
ultra-high field ex vivo MRI acquisition performed at the Cyclotron Research Centre (CRC)
in Liege, followed by an the histological sectioning and digitization carried out subsequently
in Vienna.

The following sections detail the technical protocols, data structures, and specific image
quality challenges associated with each of these two modalities.

4.1 MRI dataset description

As already mentioned, instead of relying on conventional weighted imaging (T1-w or To-w),
the acquisition protocol utilized a Multi-Parameter Mapping (MPM) framework [20].

4.1.1 Tissue Preparation and Fixation Protocol

The preparation of the post-mortem brain followed a protocol designed to stabilize the
tissue while optimizing the signal properties during the whole scanning steps. Firstly,
both brains underwent a fixation in a buffered 4% paraformaldehyde (PFA) solution in
phosphate-buffered saline (PBS) at a pH of 7.4. The fixation duration was controlled,
ranging from two weeks to three months.

To ensure the highest possible image quality, a washing step was implemented: 72 hours
prior to the MRI scan, the brains were taken from the fixative to be placed into a pure PBS
solution. This procedure serves to remove free formaldehyde monomers from the tissue.
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By clearing these monomers, it allows to obtain improved image contrast and scans quality,
ensuring that the quantitative maps reflect the real biological structure without having any
chemicals residuals that would impact the local environments around them, decreasing the
overall quantitive information.

Finally, to prepare the specimens for the long ex vivo MRI acquisitions, the brains were
submerged in an immersion fluid within a custom 3D-printed plastic container. To prevent
any microscopic tissue movement during the 12-hour scanning protocol and to serve as
an internal geometric reference, a plastic stabilization rod (referred to as the "mounting
bar'") was inserted alongside the tissue in the first dataset (Patient 784).

4.1.2 Scanning protocol

The magnetic resonance imaging data used in this project was acquired ex vivo using the
7 Tesla MRI scanner (Magnetom Terra, Siemens Healthineers) at the Cyclotron Research
Centre (CRC), University of Liege. The combination of an ex vivo scanning protocol which
completely eliminates patients motion artifacts and the use of a highly sensitive 32-channel
radio-frequency head coil enables the achievement of the ultra-high isotropic spatial reso-
lution of 300 um. Each post-mortem brain being scanned for a total of at least 12 hours
to achieve an optimal Signal-to-Noise Ratio (SNR). This level of detail is very important
for identifying MS lesions and ensure a precise spatial match with the histological slices.

The Multi-Parameter Mapping (MPM) framework, implemented using a 3D multi-echo
FLASH sequence, involves three distinct acquisitions with varying flip angles (o) to gen-
erate different tissue weightings:

e PD-weighted and MT-weighted: Acquired with a flip angle of 11°.
e T1-weighted: Acquired with a flip angle of 59°.

As illustrated in Figure 2.2, each repetition cycle (TR) of 50 ms to 60 ms included the
acquisition of 6 to 8 equidistant echoes. For the 7T post-mortem protocol, the echo times
(TE) ranged from 3.66 ms to 22.56 ms with a constant increment of 2.7 ms. This multi-
echo sampling allows for the precise estimation of the R} decay and the extrapolation of
the signal amplitude to T E = 0, which is necessary for removing hardware-related biases
from the final quantitative maps. The specific parameters for the 3D multi-echo FLASH
sequences are detailed in Table 4.1.

Following the acquisition, the raw 3D MRI data were exported and converted into the
NIfT1 (Neuroimaging Informatics Technology Initiative) format (.nii). Unlike standard
iImage formats, this specific volumetric format is designed to retain both the 3D discrete
grid of intensity values and the spatial metadata (including resolution, orientation among
all), most notably the affine transformation matrix. This structural property ensures that
the physical dimensions (the 300 wm isotropic resolution) and the spatial orientation of the
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Table 4.1: Technical specifications of the 7T ex vivo MPM protocol.

Parameter Value
Isotropic Resolution 0.3 mm (300um)
Repetition Time (TR) 50-60 ms

Echo Times (TE) 8 echoes (3.66 to 22.56 ms)
Flip Angles () 11° (PDw/MTw), 59° (T1w)
B1+ Mapping Bloch-Siegert Shift method

brain scans are mathematically preserved. In other words, this 3D format provides a robust,
spatially-aware basis for all subsequent computational pre-processing and co-registration
steps.

4.1.3 Data Quality Challenges and Pre-processing Requirements

Despite the theoretical advantages of 7T ultra-high field imaging, the acquired datasets ex-
hibited significant practical limitations. The raw scans from both Patient 784 and Patient
854 were characterized by substantial noise levels and hardware-induced artifacts, primarily
stemming from B transmit inhomogeneities and B receive coil sensitivity biases. These
high-level noise and contrast gradients posed a major challenge for the registration pipeline:
standard intensity-based algorithms were frequently biased by irrelevant background noise
and artefactual high-intensity values, precluding convergence. This necessitated the imple-
mentation of a rigorous, custom-designed pre-processing workflow, including brain masking
and outlier removal, to isolate the anatomical signal.

A visual inspection of the multi-parameter maps for Patient 784 (Figure 4.1) highlights
these challenges. Despite the expected SNR gain, the raw volumes exhibit a highly granu-
lar texture and high noise levels, particularly pronounced in the MT,,; map. Furthermore,
aliasing artifacts affect all quantitative maps, appearing as geometric distortions in the
bottom part of the scans (indicated by red arrows in Figure 4.1a, Figure 4.1b, and Fig-
ure 4.1d). When looking at the superior aspect of the brain, the tissue extends outside the
Field of View (FOV), causing this aliasing effectlikely a consequence of the acceleration
factors used during acquisition.

Patient 854 presents a different challenge: massive spatial intensity inhomogeneities (bias
field). As seen in Figure 4.2, the outer brain edges exhibit hyper-intensities, while the
deeper structures appear significantly darker. From a physical perspective, these contrast
gradients are explained by the complex radio-frequency (RF) behaviour at 7 Tesla. As
demonstrated by Van de Moortele et al. [29], these patterns are not solely due to "di-
electric resonances" but are primarily driven by pronounced spatial phase patterns and
destructive interferences within the tissue. This phenomenon creates non-uniform distri-
butions for both the transmit (B;) and receive (B;) fields. The superposition of these
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fields leads to signal cancellation in some regions (darkening the deeper structures) and
relative enhancement at the edges, as observed in Patient 854.

The combination of background noise, intensity bias, and geometric aliasing significantly
complicates the optimization of the registration pipeline. The matching metric is fre-
quently biased, as these artifacts create erroneous local maxima that trap the optimizer.
Consequently, these data quality issues rigorously justify the implementation of the custom-
designed pre-processing workflow including brain masking and field bias correction to iso-
late the relevant anatomical signal before attempting any registration with the histological
slices.

(c) MTsa: map (d) PD map

Figure 4.1: Quantitative MRI maps (MPM) at 300 um resolution of Patient 784. Visual
representation of the four physical parameters extracted from the 7T multi-echo FLASH
sequences
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(a) frontal map (b) sagittal (c) axial map

Figure 4.2: View of raw scan of Patient 854, first echo of Proton Density (PD) contrast

4.2 Histology dataset description

Following the ex vivo MRI acquisitions, the brain specimens were transferred to the Division
of Neuropathology and Neurochemistry at the Medical University of Vienna, Austria, for
the following histological processing.

4.2.1 Tissue Processing and Blockface Imaging

The fixed whole brains were initially cut into 1 cm thick coronal slabs and subsequently
embedded in paraffin. The paraffin allows for preservation of the undistorted macroscopic
geometry of the tissue before any microscopic slicing occurred, intermediate blockface
images were systematically acquired for the specific embedded tissue blocks (three dif-
ferent blocks in the dataset of Patient 784 and five for Patient 854). These geometric
references included high-resolution scans digitized at 1200 dpi, complemented by macro-
scopic photographs. Those high-resolution blocks scans will be used during the matching
part.

4.2.2 Microscopic slicing and Staining Protocol

The paraffin-embedded blocks were sliced using a large Reichert tetrander microtome,
a technique specifically chosen to allow for the extraction of whole double-hemispheric
slices. These large tissue slices were then mounted on 15 cm x 12 cm glass plates. To
accommodate the specific requirements of various brain markers (see section 2.3), the
slice thicknesses were precisely adapted:

e 10 um slices: Prepared for standard structural pathological evaluations. These
whole double-hemispheric slices were stained with Haematoxylin and Eosin (HE)
for general cellular cytoarchitecture, Kliiver-Barrera/Periodic Acid-Schiff (KPAS) to
assess demyelination, and Toluidine Blue (TBB). Other markers typically evaluated
at this thickness include DAB-enhanced Turnbull blue for cortical iron visualization,
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GFAP for astrogliosis, MAP2 for neuronal density, and CD68 for visualizing chronic
cortical inflammation.

e 6 um slices: Prepared for specialized immunohistochemical (IHC) labelling requiring
thinner slices. These included Proteolipid Protein (PLP) staining to assess intracor-
tical myelin density and cortical myeloarchitecture, alongside BCAS-MBP markers
to identify remyelinating oligodendrocytes and evaluate the remyelination process.

4.2.3 Slide Digitization and Ground Truth Annotation

Following the staining and mounting procedures, the histological sections were fully digi-
tized to obtain high-resolution images. The visualization and processing of these images
were performed using QuPath, a software specifically designed for digital pathology analy-
sis. This tool allows to easily highlight the important regions of interest (ROIs) and export
their spatial coordinates, providing the essential microscopic "ground truth" required to
validate our subsequent MRI-to-histology co-registration pipeline.

Figure 4.3 shows an example of a block image and a corresponding staining. Figure 4.3a
shows the blockface photograph of brain tissue before slicing it into the different stainings
glasses, preserving a true spatial geometry. While Figure 4.3b shows the corresponding
10um histological slice stained with Haematoxylin and Eosin (HE). It is visible that the tis-
sue macroscopic morphology and contrast are not the same. Some deformations including
tissue shrinkage, macroscopic tearing, and separation of the hemispheres, can also be seen
(for the bottom part and the ventricles especially) in the mounted slice when compared to
the undistorted blockface reference. This illustrates the importance to make a blockface
scan as an intermediate step to achieve accurate MRI-to-histology co-registration.

(a) Blockface photograph (b) Histological slide (HE stain)

Figure 4.3: Histological processing
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Chapter 5

Method

The co-registration of ex vivo 3D MRI volumes with 2D histological sections presents
significant geometric, photometric, and computational challenges. To address these issues
and ensure a robust multimodal spatial alignment, the methodology developed in this thesis
is structured around a sequential pipeline divided into three primary pillars:

1. Data Pre-processing and Standardization: Before any matching can occur, both
modalities must be cleaned to isolate the relevant anatomical signal from severe
background noise, mounting artifacts, and contrast variations. This foundational
step includes 3D skull-stripping and bias field correction for the MRI volumes, along-
side colorimetric segmentation and photometric inversion for the 2D histological and
blockface sections.

2. Volumetric Affine Registration (2D-to-3D): This phase aims to mathematically
bridge the geometric gap between the modalities by finding the exact spatial location
and orientation of the histological cut within the intact MRI volume. It relies on
a custom multi-step optimization pipeline guided by a hybrid Mutual Information
metric—to extract the optimal virtual oblique MRI slice.

3. Non-Rigid Elastic Correction (2D-to-2D): Once the global cutting plane is identi-
fied and extracted, this final phase compensates for the localized physical distortions
(e.g., tissue shrinkage, mounting deformations) induced by the histological sectioning
process. It uses Thin Plate Splines (TPS) and multi-resolution B-Splines to achieve
a highly precise, pixel-to-voxel topological alignment.

By decoupling the global volumetric search from the local morphological corrections, this
architecture ensures both computational efficiency and high spatial accuracy. The following
sections detail the mathematical and algorithmic implementation of each phase, beginning
with the critical preparation of the raw MRI datasets.

5.1 MRI Pre-processing: 3D Brain Masking

As previously illustrated in Figure 4.1, the raw 7T ex vivo MRI volumes contain a non-
negligeable quantity of unwanted signals. These include the brain container, the immer-
sion fluid (PBS or Fomblin), and significant background noise that completely skew the
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quantitative maps. If left uncorrected, these intensity artifacts would severely bias the co-
registration metric during the co-registration process, as the algorithm would by tempted
to use those falsify information as a baseline of matching.

To resolve this, a custom 3D automated brain masking (skull-stripping) algorithm was
developed and implemented in Python using the SciPy and scikit-image libraries. The
pipeline operates directly on the 3D NIfT1 volumes through the following sequential steps:

1. Volumetric Noise Reduction (3D Median Filtering): The first step of the skull-
stripping algorithm involves the application of a 3D median filter to mitigate the
high-frequency spatial noise. Unlike standard 2D image processing which operates
on a flat 3 x 3 pixel grid (evaluating a square of 9 pixels), our approach is made to
work on a 3D analysis.

For a given target voxel, the algorithm evaluates a cube of 3 x 3 x 3 voxels. The
filter extracts the intensity values of all 27 voxels within this local neighborhood and
sorts them in increasing order. The original voxel (the center of the cube) takes the
median value of this ranking (the value at the center: the 14th position).

This operation is particularly advantageous for brain masking: it is highly effective
for the "salt-and-pepper" noise (extreme outlier intensities) that we can fin in the
backgrounds of our images while the brain structures, since they are wider than 3
voxels, will not undergo a strict filter modification. Furthermore, the kernel size was
chosen in order to have the less impact possible on each quantitative map. A cube
of 3 x 3 x 3 voxels kernel was sufficient for the relatively clean R3 and PD maps,
whereas a larger 5 x 5 x 5 voxels cubic kernel (evaluating a neighbourhood of 125
voxels) was required treat the background of the MT,,; acquisitions since this was a
Very noisy one.

2. Adaptive Bounding Box Identification: Following the initial noise reduction, the

algorithm performs a coarse foreground-to-background separation aiming to isolate
the brain itself compared to the background. An initial global mean intensity is
calculated across the entire filtered volume. A binary mask iIs then generated by
thresholding the data (the mean is the threshold). Voxels with intensities exceeding
the global mean are labelled as potential tissue.
The algorithm identifies the spatial coordinates of all non-zero voxels in this initial
mask to determine the edges of the brain in the 3D coordinates system. These coor-
dinates define a 3D bounding box that will encapsulate the brain as tightly as possible
(will then also include its immediate surroundings as security) while discarding the
vast majority of the empty background. This step is useful because the subsequent
region of interest defined will ensure that further thresholding calculations are not
biased by the millions of zero-intensity voxels in the surrounding empty space.

3. Adaptive Threshold Calculation: Once the scan is restricted to the brain area, the
algorithm computes an updated mean intensity only within this region of interest.
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This local average is significantly more representative of the specimen’s brain inten-
sity as it is no longer skewed by the surrounding empty space.

To determine the optimal threshold for brain extraction, the algorithm identifies all
voxels within the bounding box that possess intensities lower than the new mean
(mean of the region of interest). These voxels typically represent non-cerebral el-
ements within the brain tissue such as the immersion fluid, the sulci or the plastic
reference rod used to stabilize the specimen (explained in subsection 4.1.1). A sup-
plementary mean of the intensities of this subset of darker points within the region
of interest is then used as the final adaptive threshold that will serve as the final
brain mask [30]. This mask is subsequently generated by retaining only the voxels
from the filtered volume that exceed this last threshold, isolating the brain tissue
from its immediate non-anatomical surroundings.

4. Morphological Cleaning and Structural Isolation: To decouple the brain tissue

from adjacent non-anatomical structures or artifacts, a supplementary 3D binary
opening operation is applied. Using a 3D structuring element with a connectivity of 1,
the algorithm performs 6 iterations of erosion followed by 6 iterations of dilation. This
process aims to break the small pieces retained that should not be while preserving
the large brain structures [30].
Subsequently, the volumetric size of each independent 3D object are calculated, the
algorithm identifies and retains only the two largest contiguous structures. In the
dataset of Patient 784, these primary components correspond to the two sides of
the brain around the large plastic bar, while all smaller structures (including pieces of
the plastic bar that have hyper-intensities) are left out. This ensures that the final
mask is strictly limited to the major anatomical regions of interest. For patient 854,
the brain itself can be retained as 1 large structures but there may be some tissue
that have been detached from the cortex during the slicing so it ensures that those
structures are also kept.

5. Hole Filling and Final Tissue Interchapter: Following the isolation of the cerebral
hemispheres, a final 3D binary closing operation (10 iterations) is applied to the mask.
This consists of a dilatation followed by an erosion. This step ensures a filling of
internal dark cavities within the mask, such as the ventricles or macroscopic tissue
tears induced by the fixation process, ensuring a continuous and solid anatomical
envelope.

Once the optimal mask is generated, it is retained as a boolean format and applied directly
to the raw, uncorrected MRI volume.

This operation sets all non-anatomical regions (including the surrounding fluid, the back-
ground noise, and the 3D-printed container) to an absolute intensity of zero, while con-
serving the original signal of the cerebral tissue. This skull-stripping step is the basis for
the co-registration as all those non-zero voxels outside the brain would have participate in
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the matching and influence the comparison voxel to voxel, this would have as consequence
to false the results. Consequently, the subsequent co-registration optimization algorithm
will evaluate the alignment strictly based on the actual brain tissue rather than matching
artefactual background structures.

Application of the 3D brain masking pipeline on the R2 contrast of the same slice as Fig-
ure4.1b. On Figure 5.1a, it is represented the mask itself generated after adaptive intensity
thresholding and 3D morphological operations. On Figure 5.1b, the final skull-stripped K3
volume resulting from the element-wise multiplication of the raw data (previously shown in
Figure 4.1) and the binary mask. The cerebral tissue is still not perfectly isolated, letting
custom 3D-printed specimen container still visible, this is explained because this structure
Is a very large one and mostly because it is attached directly to the brain and so counted
as part of it. The erosion will not be large enough to remove it afterwards.

However, the background is now perfectly removed as the large holes within the brain,
allowing the data to be good enough to go through the matching.

Figure 5.2 shows the application of the 3D brain masking pipeline on an MT,,; map. Fig-
ure 5.2a shows the The binary mask generated after slight adaptations on the intensity
thresholding and 3D morphological operations. As the MT,,; had a much larger back-
ground (see Figure 4.1c, a larger 5 x 5 x 5 voxels median filter was used in the initial step
and the final mean of the voxels to retain was also a bit raised (by a 1.1 factor). Fig-
ure 5.2b represents the final skull-stripped MT,,; volume resulting from the element-wise
multiplication of the raw data and the binary mask. The custom 3D-printed container is
here nearly totally rejected but a bit of high-frequency noise is still present in the bottom
of the image. This is a due once again to the noise voxels directly attached to the brain
structure itself.
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(a) Computed binary mask (b) Final masked R} slice

Figure 5.1: Application of mask in R? contrast scan of patient 784, coronal view

(a) Computed binary mask (b) Final masked M Ty, slice

Figure 5.2: Application of mask in MT contrast scan on Patient 784, coronal view

5.2 MRI Pre-processing: N4 Bias Field Correction

As previously identified in subsection 4.1.3, ultra-high field 7T MRI acquisitions partic-
ularly those from the second dataset (Patient 854) suffer from severe spatial intensity
inhomogeneities, commonly referred to as By bias fields. These low-frequency gradients
cause extreme hyper-intensities on the superficial structures and artificial darkening in the
deeper ones, which would inevitably disrupt the co-regitration metric during matching. To
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homogenize the tissue intensities, an automated N4 Bias Field Correction algorithm was
implemented using the SimplelTK framework|[31].

Because accurate bias field estimation requires isolating the tissue from the background,
and precise masking relies on homogeneous intensities, a custom pipeline was implemented
(mainly inspired by the N4ITK algorithm of [31] with the code explained in [32]).

5.2.1 Phase 1: Permissive Pre-Masking and Bias Field Estimation

Initially, a highly permissive mask is generated using a minimal intensity threshold (10%
of the global mean in this case). This first step aims to broadly discard the empty back-
ground space without attempting to extract a definitive brain envelope. However since the
scans have a very high resolution, applying the 3D median filter along with the iterative
morphological operations (such as 3D openings and closings) across millions of voxels is
computationally heavy.

To optimize execution time, the strategy of sub-sampling the data is used. Both the
raw MRI volume and the permissive pre-mask are downsampled using a shrink factor of 4
across all spatial dimensions. Because the bias field is inherently a smooth, low-frequency
phenomenon, this subsampling preserves most of the spatial profile while drastically ac-
celerating the computation efficiency. The B-spline routine of the N4 algorithm is then
executed on the subsampled volume across four hierarchical resolution levels. This multi-
resolution pipeline progressively refines the B-spline control grid, going from a coarse mesh
intended to capture the global macroscopic By gradient, to a thinner mesh able to local-
ize field variations without confounding them with the real tissue voxels. The optimizer
Is constrained to a maximum of 50 iterations per level and a strict convergence threshold
of 0.001 (if minus than 0.1% of change between two iterations before the 50 maximum
iterations are reached, the algorithm stops).

5.2.2 Phase 2: Signal Homogenization and Precise Skull-Stripping

Once the optimal low-frequency bias field is estimated, it is upsampled back to the original
discrete voxel grid. The full-resolution raw MRI volume is then divided by this bias field
calculated, effectively flattening the contrast gradient. This operation successfully recov-
ers the anatomical signal.

Finally, this uniformly contrasted volume is given to the automated 3D masking pipeline
detailed previously. Because the signal is now (relatively more) homogeneous, the adaptive
tissue mean is much more stable, allowing for precise structural tissue preservation while
reducing the risk of tissue exclusion from darker zones.
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5.3 MRI pre-processing summary

To visually synthesize the different steps involved in the preparation of the MRI data, the
complete 3D MRI pre-processing workflow is illustrated in Figure 5.3. The diagram overall
illustrates how median filtering, adaptive thresholding, and morphological operations are
sequentially applied to eliminate background artifacts and isolate the cerebral tissue.

Raw 3D ex vivo MRI (NIfTI)

Y
N4 Bias Field Correction

(B-spline estimation &

Signal Homogenization)

Y
Volumetric Noise Reduction
(3D Median Filtering: 3 x 3 x 3

voxels or 5 x 5 x 5 voxels)

Y

Adaptive Bounding Box &
Threshold Calculation

'

Morphological Cleaning
(3D Opening & Largest

Components Retention)

Y

Hole Filling
(3D Binary Closing)

Y

Final Masked 3D MRI Volume

- J

Figure 5.3: Detailed block diagram of the 3D MRI pre-processing and skull-stripping
pipeline.

5.4 Histological Pre-processing: 2D Tissue Masking and
Contrast Alignment for stained sections

Just as the 3D MRI volumes required skull-stripping to eliminate background noise, the
2D histological sections and stainings must be rigorously pre-processed too. The bright
background of the glass slide, mounting media, and microscopic debris could also lead to
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a big drop of the Mutual Information metric during 2D-to-3D registration.

To address this, the previously established volumetric masking algorithm (in section 5.1)
was adapted into a flexible 2D pipeline (mask2D.py). While the core statistical logic relying
on a 3 x 3 pixel median filter and an adaptive bounding box remains identical to the MRI
processing pipeline, some modifications had to be implemented to ensure a good mask of
the different stainings:

e Background removing: Unlike MRI where the background is dark, histological slices
have a much more luminous background, giving a background with intensity above
the stain intensity. To account for this, the adaptive thresholding logic isolates the
bright background and remove the brain tissue. A local mean is computed within
the bounding box and the initial mask captures the background. The final boolean
tissue mask is therefore obtained by logically inverting the result, ensuring the tissue
is assigned a value of 1 and the glass slide a value of 0.

e Smaller structures retention: The histological processes (slicing, apply the stain-
ing in warm water,..) can easily induce structure's alterations, such as micro-tears,
separation of tissue, or fragmented slice borders. To prevent the accidental deletion
of valid anatomical structures by the masking algorithm, the morphological opera-
tions were significantly scaled down compared to the 3D pipeline (where the largest
structures were kept with a high threshold for their sizes). The binary opening was
reduced to a single iteration, and the closing to 3 iterations. Furthermore, instead of
strictly retaining only the two largest structures, the algorithm preserves any tissue
fragment whose volume exceeds 10% of the largest detected object. This ensures
that detached but valid cortical fragments are preserved for registration while smaller
structures that would not bring useful information anymore are removed.

e Intensity Contrast Inversion: To ensure a successful matching computation, the
histological slice must mimic the contrast profile of an MRI (bright tissue on a dark
background). While the initial masking step successfully forces the bright glass slide
to become an absolute black background (intensity = 0), the chemically stained
tissue inherently retains its native low-intensity profile. To correct this, an intensity
inversion is applied (finverted = 255 — loriginal) SO the dark tissue becomes bright.
However, applying this mathematical operation globally would inadvertently turn the
newly black background back to bright white (255 — 0 = 255). To prevent this
side effect, the mathematically inverted image is multiplied one final time by the
binary tissue mask. This guarantees that only the brain tissue is inverted to a bright
contrast, while the surrounding background is forced to remain strictly black.

This pre-processing step outputs a cleaned histological image where the tissue appears
bright against an absolute black background. By successfully mimicking the macroscopic
contrast gradient of the MRI slices, this geometric and photometric standardization pro-
vides an optimal starting point for the non-linear 2D-to-3D matching algorithms.
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Figure 5.4 shows Myelin-stained (PLP) and cell-stained (HE) slices exhibiting the charac-
teristic bright background and some tissue differences with the MRI scans as explained. On
Figure 5.5 we can see that the algorithm successfully isolates the anatomical tissue from
the background. Unfortunately for Figure 5.5a, it also shows the algorithm limitations:
the brighter zones of the stain are also masked out while for Figure 5.5b, the ventricles are
retained, they can be a good anchor for the matching process to compare both modalities
so this lack of masking is not ideal. Following the application of the binary masks, the
backgrounds are forced to absolute zero. The final slices are shown on Figure 5.6.

(a) Raw PLP stain (b) Raw HE stain

Figure 5.4: Brain histological slices

(a) PLP Binary Mask for slice 11 (b) HE Binary Mask for slice 18

Figure 5.5: Computed 2D tissue masks

34



5.5. BLOCKFACE PRE-PROCESSING: HSV COLOR SEGMENTATION AND
CHAPTER 5 VENTRICLE PRESERVATION

(a) Final Processed PLP for slice 11 (b) Final Processed HE for slice 18

Figure 5.6: Final pre-processed histological section ready for registration of Patient 784

5.5 Blockface Pre-processing: HSV Color Segmentation
and Ventricle Preservation

To bridge the geometric gap between the intact 3D MRI and the 2D histological slices,
which encounter physical degradation as explained, Blockface photographs were acquired
alongside digital scans of the corresponding tissue blocks. These high-resolution images,
captured just after the slicing, retain the true macroscopic geometry of the brain before
it undergoes the severe mechanical stresses of mounting on glass slides, making it a po-
tential good ally to match the 2 modalities. However, the raw blockface images contain
significant background noise, primarily consisting of the surrounding embedding medium
and also some entrapped air pockets (due to the paraffin for example).

Unlike the gray-scale intensity thresholding used for MRI or digitized slides, the block-
face images present a totally different colorimetric challenge. The embedding medium
and background do not share exactly the same colour with the cerebral tissue but in the
gray-scale they look very identical making a classical mask as presented in section 5.1 and
section 5.4 inefficient because the yellow nuances of the tissue and the white/gray colours
cannot easily be differentiated. To accurately isolate the tissue structures, a custom seg-
mentation pipeline based on the Hue, Saturation, Value (HSV) colour space was developed
trying to effectively isolate the yellow/brown colours of the brain and separate it from the
white/gray background.

The HSV colour space decouples pure colour information from local lighting conditions.
This decoupling offers to our method a much more consistent and precise algorithm of
the brain colour identification, which exhibits varying illumination but a consistent yellow-
based color. The segmentation relies on the independent thresholding of three distinct
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channels:

e Hue (H): This channel isolates the pure chromatic tone. As the paraffin or resin
embedding medium typically presents a yellowish-brown hue, the boundaries were
explicitly constrained to H € [10, 80]. This ensures the algorithm exclusively targets
these colour tones while disregarding other tones.

e Saturation (S): Representing colour purity or intensity, this channel acts as the
primary discriminant between the anatomical tissue and the rest that must be masked
out. While the cerebral tissue exhibit strong and distinctive yellow tones, the rest of
the image (background, artifact) are much less colourful and closer to gray for most
of them. By enforcing a minimum saturation threshold (S > 130), the algorithm
effectively ignores the pale background elements and exclusively isolates the vivid
and saturated brain tissues.

e Value (V): This channel encodes absolute luminosity. To account for shadows that
could appear on the pictures, a broad luminosity range was permitted (V' € [30, 255]).
The lower bound (Vi = 30) prevents the misclassification of the low-intensity back-
ground, while the maximum upper bound accommodates highly reflective entrapped
air pockets that appear hyper-intense in the pictures.

The pipeline follows some distinct steps that are for some very similar to those of the
previous masks explained:

e HSV Color Thresholding: The original BGR images were converted into the HSV
color space. The Empirical thresholds were defined (H € [10,80], S € [130, 255],
V € [30, 255]) to create an initial mask targeting the non-tissue background.

e Morphological Smoothing: Due to the extremely high spatial resolution of the
blockface photographs (exceeding dozen of Mb), noise artifacts are numerous (given
the number of pixels, some artifacts can be imperceptible to the naked eye). Ellipti-
cal structuring elements with size of 15 x 15 pixels were initially used for sequential
morphological opening and closing operations to smooth the mask boundaries. The
elliptical shape prevent the boundaries from developing artificial, square-like edges
while the size (3 times larger that for the MRI mask) is needed to catch sufficient
noise (the 5 pixel-wide element compared to the total amount of pixels would be
mathematically insignificant and would go through relevant spatial noise). Subse-
quently, an algorithm was implemented to retain exclusively the single largest con-
tiguous object, effectively discarding external artifacts and disconnected debris.

e Ventricular Detection (Hole Drilling): The most difficult part to implement for
this pipeline was the handling of internal anatomical cavities, such as the ventricles
and deep sulci. Standard morphological operations could fill all internal voids, re-
sulting in an inaccurate, solid silhouette. To preserve the true internal topology, a
hierarchical contour detection algorithm was implemented.

The algorithm establishes a two-level hierarchy that distinguishes between external
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boundaries and internal cavities. Rather than a global filling approach, a selective
drilling logic was implemented: the script iterates through each detected internal
contour and calculates its area relative to the total brain surface. A dynamic thresh-
old of 107° of the total area was empirically established to differentiate between
noise and legitimate anatomical structures. Only those internal voids exceeding this
threshold are masked out. This ensures that the final mask preserves essential land-
marks like the lateral ventricles and the inter-hemispheric fissure, which are very
important landmarks used for the matching.

A final 21 x 21 pixels morphological opening ensures smooth and continuous anatomical
boundaries. By applying this refined mask, the output is a true-colour blockface rep-
resentation of the tissue over an absolute black background, providing an indispensable
ground-truth reference for the 3D volumetric reconstruction.

The images on Figure 5.7 capture the brain immediately after slicing. The background ex-
hibits non-uniform tone with sometimes colours similar to the brain (edges of Figure 5.7a).
The mask is presented on Figure 5.8, the successful preservation of the internal topology
can be mentioned: the algorithm identifies and excludes the ventricular cavities while
maintaining smooth and continuous anatomical boundaries through elliptical morphologi-
cal operations.

The final masking results, illustrated in Figure 5.9, reveal a mixed performance regarding
the internal topology. While the large ventricular cavities are successfully excluded from
the tissue mask, the narrower cortical sulci are not entirely removed. Furthermore, the al-
gorithm inadvertently excludes the brown tissue lesion visible in Figure 5.7a. Those defects
remain small and the results are satisfying enough to go through the matching algorithm
and obtain good results.

(a) Raw blockface photograph (Block 11) (b) Raw blockface photograph (Block 18)

Figure 5.7: Raw blockface surface photographs
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(a) Block 11 Binary Mask (b) Block 18 Binary Mask

Figure 5.8: HSV-based binary masks

(a) Processed Block 11 (b) Processed Block 18

Figure 5.9: Final processed blockface representations

5.6 Histological pre-processing summary

In order to summarize the specific preparation steps required for the histological data,
the corresponding algorithmic architecture is presented in Figure 5.10. This block dia-
gram shows how the pre-processing pipeline splits into two distinct paths depending on
the type of input image. It distinguishes the approach applied to chemically stained his-
tological slices relying on gray-scale thresholding and contrast inversion from the adaptive
HSV colorimetric segmentation and selective ventricular drilling tailored for raw blockface
sections.

5.7 Azimuthal Translation

To extract the corresponding 2D planes from the 3D MRI volume, a framework is required.
This section details the mathematical and geometric steps involved in this azimuthal trans-
lation, starting with the definition of the reference coordinate system.
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Figure 5.10: Detailed block diagram illustrating the divergent 2D pre-processing pipelines
tailored for chemically stained histology and raw blockface photographs.
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5.7.1 Physical Coordinate Frames and RAS Orientation

An important aspect of this plane extraction is the strict separation between the image
voxel space (the 3D data array) and the physical coordinate frame. Inspired by standard
neuroimaging co-registration frameworks such as MNE-Python, all spatial transformations
are strictly computed in the physical MRI coordinate space (expressed in millimeters) rather
than in voxel indices. This allows a more intuitive way to represent the data.

By utilizing the NIfT| header’s affine transformation matrix (Affine), the mathematical
origin is projected into the standard RAS (Right, Anterior, Superior) continuous coordinate
system, this is done before the matching process itself. In this physical space:

e The X-axis corresponds to the Left-to-Right anatomical axis.
e The Y-axis corresponds to the Posterior-to-Anterior anatomical axis.
e The Z-axis corresponds to the Inferior-to-Superior anatomical axis.

This mapping ensures that the azimuthal angles (o and ¢) carry direct consistent and
practical anatomical significance. Furthermore, computing the oblique plane’s coordinates
in the continuous physical space before mapping them back to the discrete voxel space via
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the inverse affine matrix guarantees that the extraction process is entirely independent of
the respective resolutions that vary within the modality and between the modalities. The
corresponding physical plane will be extracted no matter the initial voxel resolution of the
input MRI volume.

5.7.2 Algorithm

To perform the 2D-to-3D registration, the algorithm must iteratively extract virtual 2D
slices from the 3D ex vivo MRI volume. During the first step of the optimization loop,
the position of the cutting plane is governed by an 8-parameter affine transformation
matrix encompassing Cartesian translations (¢, t,, t;), Euler rotations (Ry, Ry, R;), and
2D scaling (Sx, S,) that can zoom in or zoom out on the slices.

Being mathematically efficient, all those 8 parameters are not instinctive neither easy to
manipulate for all small transformations someone would want to make. To establish a ro-
bust, reproducible, and human-readable definition of the final oblique plane, an Azimuthal
Coordinate System was implemented, all the affine transformations can be reduced to a 3
parameter space that is much more instinctive to handle.

Once the co-registration optimization converges to a match, the resulting slice is not
aligned with the initial planes making it very difficult to see using the initial raw scans.
The exact position and inclinations are transmitted from the final Cartesian matrix into
three independent spherical parameters relative to the volumetric centre:

1. Radius (r): The orthogonal distance (in millimetres) from the from the volumetric
centre to the plane.

2. Azimuth (a): The horizontal rotation angle (in degrees) of the plane's normal
vector.

3. Elevation (¢): The vertical rotation angle (in degrees) of the plane’s normal vector.

To orient the cutting plane, the input elevation angle (¢) is first converted to a standard
spherical colatitude (6 = 5= ®). The final spatial orientation is then achieved by comput-
ing a composite rotation matrix (R = R,(a) x R, (8)), which sequentially rotates the plane
around the Z-axis (azimuth) and the Y-axis (elevation). This matrix is then multiplied by
the unit vector (0,0, 1) to transmit the orientation to the spatial coordinates.

By extracting the normal vector (ny, ny,, n;) from the final Euler rotation matrix, the
azimuthal angles are computed using trigonometric projections (o = arctan(n,/n,) and
¢ = arcsin(n;)), those operations are carried out during the final steps of the matching
algorithm. This algorithm provides a standardized mathematical framework to extract the
precise location and orientation of histological cuts and, by noting the parameter’s value,
allows for the direct, arbitrary re-extraction of identical virtual planes without needing to
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go trough all the previous and following steps which is time consuming.

5.8 Automated Artifact Detection

Iterative optimization algorithms, such as those used in this multimodal co-registration,
have shown a very high sensitivity to their initial parameters during the trials. A poor
initialization can lead the algorithm to converge into a local optimum, resulting in large
spatial misalignment and thus mismatches. To mitigate this, a fast pre-alignment step
was introduced to provide a robust initial orientation estimation.

Our ex vivo MRI scan from Patient 784 contains a massive, linear signal voids (a plastic
bar) resulting from the physical mounting apparatus used during the preparation of the
scanning process. Because these artifacts maintain a consistent geometric relationship
with the brain tissue, their orientation serves as an excellent ground for exclusion since this
device is not present in the whole histological slices. A detection pipeline was implemented
to isolate this artifact to serve as additional parameter during the matching process:

e Restricted Area: To prevent the misidentification of external background noise,
the search is strictly confined within the brain tissue. The previously computed
binary MRI mask (see section 4.1) is using some computer vision functions of the
OpenCV library, surrounded by a bounding polygon that goes all around the brain.
This imaginary line is made around the outermost extremities of the brain ensuring
that all the points are located within this zone. The zone is eroded using a 15 x 15
pixels elliptical kernel in order to have a strict confinement of the brain in the zone
to create a safe, internal Region of Interest (ROI) slightly offset from the cortical
edges.

e Intensity and Morphological Filtering: The physical bars manifest as absolute
signal voids within a higher intensity zone. An adaptive intensity threshold is applied,
isolating pixels within the lowest 8th percentile of the tissue’'s grayscale distribution
(chosen empirically). Small anatomical voids (like micro-fissures) are then filtered
out using sequential morphological closing and opening operations (as in section 5.4).

e Angle Extraction: A Connected Component Analysis extracts the contours of the
remaining dark regions. A geometric filter is applied to retain only highly elongated
objects with a length-to-width ratio > 3.0 and a minimum length of 24 mm (corre-
sponding to 80 pixels at 0.3 mm isotropic resolution), effectively filtering out residual
sulci.

Finally, a robust linear regression is applied to the spatial coordinates of the valid
contour points (cv2.fitLine). By using the L2-norm (Ordinary Least Squares
method), the algorithm minimizes the sum of squared Euclidean distances between
the scatter of artifact pixels (pixels detected as belonging to the barre) and the
fitted line. This mathematical optimization effectively extracts the true principal ge-
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ometric axis of the artifact, inherently smoothing out any morphological irregularities
along its edges that would not be relevant. The directional vector (V4,V,) of this
optimized line is then extracted to compute the artifact’s absolute orientation angle
(arctan(V,/V4)). The resulting directional vector yields the principal angle of the
artifact (arctan(V, /V%)).

By automatically extracting this angle prior to the co-registration pipeline, the algorithm
is provided with an adaptative rotational initialization that provide information about the
rotation that can not be applied for the matching. This drastically shrinks the required
angular search space, preventing convergence failure and it also effectively accelerates the
overall matching pipeline by exclusion of parameters to analyse.

On Figure 5.11, the left figure represents the raw ex vivo MRI slice (Z=388, chosen
arbitrary) exhibiting a massive linear signal void caused by the platic bar.

On the right side, a visual output of the algorithm. The blue polygon delineates the
eroded convex hull, establishing the restricted internal Region of Interest (ROI). The red
contour highlights the successfully segmented artifact following intensity thresholding and
morphological filtering. The green line represents the true principal axis computed via
Ordinary Least Squares regression (L2 distance), yielding a highly accurate initial rotation
angle (74.6°) for the subsequent matching pipeline. It is important to note that the artifact
detection illustrated at slice Z = 388 serves strictly as a proof of concept. In practice,
the exact spatial orientation of the mounting apparatus may vary along the longitudinal
axis. Therefore, applying the angular initialisation from one extreme of the volume (e.g.,
Z = 388) to another (e.g., Z = 200) would be geometrically inaccurate. To address the
slice to look at, the detection algorithm is implemented dynamically within the matching
pipeline: it is executed only after a preliminary coarse spatial alignment has identified the
approximate target slice, providing an angular initialization for that specific Z-coordinate
prior to the fine optimization.

5.9 Volumetric Registration Pipeline

This chapter is the of core of the 2D-to-3D registration algorithms and is handled by an
iterative optimization pipeline designed to find the exact spatial configuration of a virtual
MRI slice that maximizes its structural similarity with the 2D histological reference.

5.9.1 Data upload, Masking, and Intensity Normalization

Before initiating the optimization loop, both the 3D MRI volume and the 2D target image
must be loaded into a standardized computational space. As detailed in subsection 5.7.1,
the 3D NIfTI volumes (both the raw data and the binary mask) are first reoriented to the
RAS coordinate system. To reduce the registration metrics to the biological tissue and
eliminate background noise, the matching algorithm directly uses the masked MRI volume,
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Original MRI slice (Coupe Z=388) Angle detected: 74.6°)

Figure 5.11: Automated artifact detection for rotational initialization. On the left side
is depicted a slice chosen (arbitrary) and on the right side is shown the results of bar
detector. The blue line highlights the brain tissue contours, the red bounding box isolates
the detected reference bar, and the green line represents the computed orientation axis
used to extract the rotation angle.

where all non-brain voxels have already been masked out.

Simultaneously, the 2D histological or blockface image is imported and put on a gray-scale
matrix. A systematic horizontal reflection can be applied if necessary (since the histologi-
cal sections can be reversed compared to the MRI slices). In this study, this reflection was
systematically applied to the 2D image for both patients to correct for the mirroring effect
induced by the scanning protocols. Manually aligning the chiral space of both modalities is
computationally required, as standard gradient-based optimizers can theoretically inverse
itself the image but it can easily bring issues and make it during the affine transformations
Is too late to have a good matching before.

While the Mutual Information (MI) metric is theoretically robust to non-linear intensity
mappings between different modalities. In practice, quantitative MRI volumes often ex-
hibit large floating-point ranges, whereas histological images are constrained to a discrete
8-bit integer space ([0, 255]). Large differences of the intensities value can bring more
incertitude and be more computationally intensive since the matching should take more
values into account (each of the 256 values of histology can correspond to many values
of MRI).

To address this, an intensity normalization (specific to each modality) is applied to both
modalities prior to the registration loop. The algorithm first isolates the relevant biological
tissue by applying an intensity threshold to both modalities, excluding the previously masked
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background (/ > 0 for the MRI volume, and / > 15 for the histological slice). The
statistical mean (u) and standard deviation (o) are then computed for the tissue pixels.
Subsequently, a Z-score standardization is applied, followed by a linear rescaling to shift the
distributions into a gray-scale space, centred at 128 with a standard deviation of 40:

lraw - issue
/normalized - (—/Jlt) X 40 + 128 (51)

Otissue

Finally, the resulting matrices are restricted to the [0, 255] integer range. This procedure
mathematically aligns the contrast profiles of both the MRI and the 2D slice, ensuring that
the background remains perfectly black while the tissue intensities variations are optimally
distributed across the histogram bins for the co-registration.

5.9.2 Spatial Sampling Strategy for Mutual Information Evaluation

As initially proposed by Viola and Wells in their EMMA framework [25], computing the
Mutual Information (MI) metric over every single voxel of high-resolution datasets is com-
putationally too intensive (since it maked millions of voxels to analyse). To ensure practical
execution times, the function will process a reduced number of points.

The limitations of stochastic sampling

The standard implementation relied on a stochastic sampling strategy, where a specific
number of points (a few thousand or tens of thousands in our case) are randomly drawn
without replacement from the entire 2D image grid. While this random sampling effec-
tively penetrates local minima in general computer vision tasks [25], it presents two major
drawbacks for our specific multi-modal dataset:

1. Background evaluation waste: A random selection across the entire rectangular
grid blindly picks points within the empty background. Since our strict masking
algorithms set the background to zero, evaluating Ml on these empty regions wastes
samples that will not bring useful information. This can also bring bias to the results
since the backgrounds will match with each other and increases the matching score.

2. Stochastic noise: Because a new random subset is drawn at every step of the
optimization, the MI score exhibits slight statistical fluctuations even if the transfor-
mation matrix remains identical. This inherent noise can cause early convergence or
erratic gradient estimations.

Deterministic and tissue-restricted sampling

To overcome these limitations and stabilize the co-registration pipeline, a custom determin-
istic and targeted sampling algorithm was implemented. Instead of picking a large number
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of random points, the algorithm extracts a smaller set of structural points exclusively from
the relevant tissue.

The procedure is executed as follows:

1. Tissue Isolation: The algorithm first identifies all the coordinates (X,Y’) within
the 2D reference slice that possess an intensity strictly greater than the background
threshold (/ > 15). This creates an array containing exclusively valid tissue pixels.

2. Sampling step calculation: To ensure that the sampled points are uniformly dis-
tributed across the entire brain structure rather than clustered in a specific region,
a constant sampling step is calculated. This step is defined as the integer divi-
sion of the total number of available tissue pixels by the target number of points

(Step - Ntotal/Ntarget)-

3. Sequential Extraction: The final subset is generated by iterating through the valid
tissue array using the computed step, yielding exactly the desired number of relevant
points. Finally, these coordinates are mapped into matrices to allow for rapid linear
algebra multiplications during the latter affine transformations.

This technique allows a much quicker computing of the algorithm and, furthermore, the
absence of random variations ensures that the matching score remains perfectly stable for a
given transformation, effectively eliminating stochastic noise. This algorithmic refinement
improved the convergence speed and the spatial accuracy of the iterative optimization
algorithms.

5.9.3 Affine Transformation and 3D Spatial Mapping

Before the Mutual Information can be evaluated, the 2D histological coordinates must be
projected into the 3D space of the MRI volume. This spatial mapping is governed by an
iterative optimizer that, at each iteration, updates a set of transformation parameters to
find the best alignment possible.

At each iteration, the algorithm constructs a 4 x 4 pixel homogeneous affine matrix. To
ensure a geometrically logical transformation, the operation follows this mathematical
sequence:

1. Centering (71): The 2D slice coordinates are first translated so that the geometric
origin (0, 0) aligns with the centre of the image. This ensures that potential rotations
occur around the anatomical center rather than the corner of the image.

2. Scaling and Shearing (S and Sh): A 3D scaling matrix adjusts the dimensions of the
slice to account for tissue shrinkage or stretching, while a shear matrix compensates
for non-rigid slicing deformations.

3. Rotation (R): Euler rotations (R, R,, R,) are applied to orient the plane in the
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3D space. It will be useful especially to find the cut angle of the histological slices
relative to the MRI planes.

4. Translation (7,): Finally, the plane is translated (¢, t,, t;) to its target location
within the MRI volume to assure the best overlay of the two slices possible.

The final composite matrix (M = T, - R+ Sh-S - Ty) is multiplied by the homogeneous
coordinates of the sampled points. These projected 3D coordinates are then passed to
an interpolation function, which extracts the corresponding continuous MRI intensities at
these precise voxels locations to evaluate the objective function and the new matching
score.

5.9.4 Objective Function: Combined Metrics and Artifact Penaliza-
tion

Once the spatial coordinates of the 2D slice are transformed and mapped into the 3D MRI
volume, the algorithm must evaluate the quality of the alignment.

Standard Intensity-Based Mutual Information

Unlike simpler metrics such as Sum of Squared Differences (SSD), which assume a linear
relationship between image intensities, Mutual Information (Ml) assumes no prior rela-
tionship. Instead, it measures the statistical dependence between the intensities of the
two images, making it the best method for multimodal registration where tissue contrasts
drastically differ (e.g., dark MRI tissue versus bright stained histological tissue).

As described in Section 3.4.2, the algorithm computes the Mutual Information (MI) by ex-
tracting the joint and marginal probability distributions from the overlapping tissue pixels.
This quantifies the spatial alignment between the interpolated MRI slice and the histolog-
ical section. The algorithm seeks to find the spatial transformation that maximizes this
MI score, meaning it searches for the alignment where the intensities of one image best
predict the intensities of the other, minimizing their joint entropy.

While standard Mutual Information (M) is highly effective, relying solely on raw intensities
can lead to misalignments due to the specific artifacts present in the ex vivo datasets.
For instance, the histological slices can suffer from mechanical tears or missing tissue for
example. Conversely, the MRI volume have the plastic bar or can also suffer from artifacts.
To prevent the Mutual Information metric from maximizing over these corresponding signal
issues, a custom and multi-feature objective function was developed.
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Anti-Artifact Filtering and Overlap Penalization

An important issue arises when the optimization algorithm maps valid histological tissue
into an MR signal void (such as the background or the dark plastic mounting bar). Because
these voids present a perfectly uniform intensity (near zero), standard Ml can artificially
spike, guiding the optimizer into a local maximum where it believes the alignment is highly
consistent (i.e., mapping all tissue to black).

To prevent this, a filter was implemented within the Ml evaluation loop:

1. Histological Tissue Baseline: The algorithm isolates the valid tissue coordinates
on the 2D histology slice using a threshold (/,isto > 5) lower than the one used for
the mask application. While a strict threshold was previously required to ensure that
only pure tissue pixels influenced the statistical mean, this lower threshold is applied
during the registration loop to retain all non-zero pixels and maximize the alignment
accuracy at the structural boundaries.

2. MRI Signal Validation: For these exact coordinates, the algorithm checks the
corresponding MRI intensities. A voxel is only considered as a potential valid overlap
if its intensity has a sufficient signal intensity (/yrr > 25) which represents the 1%
lower intensities of a normal distribution centered on 128.

If a transformation pushes a significant portion of the slice into a void, the algorithm
immediately penalizes the objective function. The raw Ml score is multiplied by an Overlap
Ratio, defined as the number of valid overlapping pixels divided by the total number of
histological tissue pixels. This severe penalty forces the optimizer to actively seek regions
where both modalities present actual physical tissue. Furthermore, the severity of this
penalty is dynamically adapted based on the inherent quality of the dataset. For high-
quality acquisitions featuring distinct and crisp anatomical boundaries (such as Patient
784, which includes the mounting bar), a squared penalty (Ratio®) is enforced. This
aggressive constraint heavily punishes partial overlaps, forcing a strict adherence to the
mask boundaries. In the other hand, for datasets with lower signal-to-noise ratios and
blurrier mask boundaries (such as Patient 854), a linear penalty (Ratio®) is applied. This
more permissive approach prevents the optimizer from failing due to minor, inevitable
masking uncertainties, allowing it to still prioritize intensity and gradient matching.

Gradient-Based Mutual Information

Standard intensity-based MI relies exclusively on the voxels intensity to build its joint prob-
ability distribution. By matching absolute voxel intensities, it effectively correlates regions
of uniform signal. However, this approach lacks spatial awareness; the optimizer can
successfully align large homogeneous tissue masses while completely failing to align their
actual borders due to the sharp changes of intensity that could be a few pixels/voxels away.
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To inject structural context into the information-theoretic framework, a Gradient-Based
Mutual Information metric was integrated. Rather than computing the joint probability
distribution over raw intensities which blindly correlates regional intensity mappings, this
approach forces the algorithm to evaluate the topology of the tissues. In other words, it
shifts the focus from matching uniform regions to explicitly aligning structural contours,
ensuring that a sharp boundary in the MRI volume directly corresponds to a sharp mor-
phological edge in the histological reference.

Mathematically, the algorithm achieves this by computing the spatial gradient magnitude
for both the interpolated MRI slice and the histological reference:

Gr=|VF| and Gg=|VR)| (5.2)

Because numerical differentiation amplifies high-frequency noise (a difference of one value
on the gray-scale is not relevant for the algorithm but derivating them can give a much
larger value) and expands the range of values possible (calculating a gradient can give
negative values), the resulting gradient arrays are independently rescaled to a discrete
space ([0, 255]) via a min-max normalization (Guem ). This step is necessary to ensure the
numerical stability and density of joint histogram estimation.

Finally, the Mutual Information is evaluated over these normalized gradients. By shifting
the mutual information calculation to the derivative domain, the objective function provides
a very precise tool to compare the boundaries of each modality. While translating one slice
for a few pixels, standard MI score remains relatively stable but the gradient score drops
precipitously since the edges will not be aligned anymore.

The Hybrid Objective Function

To take advantage of both the global contrast mapping and the local edge alignment,
the final objective function minimized by the optimizer is a weighted linear combination of
both metrics:

Metric = o - Mliptensity + (1 — @) - Mlgradient (5.3)

The hyperparameter o dictates the balance between the two features. By combining
regional statistics with structural derivatives, with this parameter offers a dynamic way to
calculate the mutual information. This hybrid objective function creates a highly stable
and discriminant optimization landscape, effectively guiding the algorithm toward the true
physical alignment.

Optimization Vector and Cost Function

To autonomously navigate the optimization landscape and find the optimal spatial align-
ment, the iterative solver (e.g., Powell's method) requires a scalar objective function to
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minimize. For this registration phase, an 8-parameter optimization vector was defined.
The 8 parameters that will be dynamically updated by the function are:

e Translations: ¢, t,, t,
e Rotations: R, R,, R,
e In-plane Scaling: S, S,

Although a full 3D affine matrix would require 12 parameters, scaling along the Z-axis (S)
has no physical meaning when iteratively analysing 2D slice and at this point the shearing
deformations (Shy, Shy, Sh;) are not taken into account and set to 0. Therefore, the
function completes the parameter array by locking the Z-scale to 1.0 and setting the three
shear parameters to 0.0.

The 8 parameters (translations, rotations, scaling) are sent with their value to the func-
tion that will create the matrix of transformation. This matrix will multiply the temporary
chosen slice to update it. Finally, the function returns the combined metric score (using
mutual information and gradient mutual information) to update the new slice score.

At each step of the iterative process, the cost function performs three operations:

1. Matrix Assembly: The 8 active parameters and 4 fixed parameters are aggregated
to construct the 4 x 4 pixel homogeneous affine transformation matrix (M).

2. Coordinate Projection: By multiplying the MRI slice coordinates by the affine matrix
(P = M- PRypomo), the function put a new cut orientation to the 3D MRI space.
This defines the slice whose spatial locations intensities must be interpolated to be
compared with the static histological reference.

3. Score Inversion: Standard numerical optimizers (calling the function with scipy.optimize.minimize)
are designed to find the global minimum of a function. Because we want to max-
imize a score, the objective function computes the hybrid metric score (using the
weighting factor a) and returns its exact negative value (—Metric).

5.9.5 The Multi-Step Pipeline

Spatial Initialization and Raw Data Retrieval

To ensure the iterative optimization algorithms converge toward the true anatomical align-
ment rather than falling into local minima, a spatial initialization has been set. Starting
the search from the geometric origin (0, 0,0) would first place the virtual plane in the
empty background, causing the Mutual Information gradient to be near 0 which could lead
to local maxima of the mutual information function.

To prevent this, the algorithm computes automatically the volumetric center of the brain.
This is achieved by isolating the valid tissue within the masked MRI volume using a strict
intensity threshold (retaining only voxels exceeding 30% of the mean brain intensity, the
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rest being the background). The spatial coordinates (X, Y, Z) of these tissue voxels are
averaged to extract the true centre of the brain. These coordinates serve as the initial
translation parameters (t,, t,, t,) for the affine matrix, guiding the matching process im-
mediately at the core of the brain.

The pipeline also computes the initial rotational parameters using the automated artifact
detection detailed in section 5.8. Because the working MRI volume has already been
masked (with the background and the plastic mounting bar set to an absolute intensity of
zero), to optimize memory allocation and computational efficiency, the algorithm exploits
the geometry of the masked data itself instead of reloading the raw scan. By generating a
convex hull around the outer boundaries of the 2D brain slice, the masked plastic bar man-
ifests as a massive, linear signal void strictly contained within the anatomical envelope.
The artifact detection function directly analyzes this pre-masked volume to extract the
orientation of this geometrical void. By aligning the initial rotational parameters with the
bar’s orientation, the algorithm ensures that the matching process operates in a search
space that actively avoids this artifact. Even if the histological slice was not sectioned
exactly along this plane, initializing the rotation parallel to the mounting apparatus guar-
antees that the virtual plane does not intersect the signal void, providing a robust starting
point.

It is important to note that the presence of the mounting apparatus is not present across
all acquired datasets. For ex vivo scans that does not have this artifact, the automated
detection function is bypassed. In such cases, the algorithm uses a predefined set of
empirical initial angles (chosen by the users) to perform a broader grid search during the
first scanning phase. This logic ensures that the code also begins the matching with a
good first approximation with or without bar.

Dimensional Initialization and Scale Factor

Before applying any iterative spatial transformations, the fundamental dimensional differ-
ences between the two modalities must be addressed. The 3D MRI volume is defined in a
macroscopic voxel grid, whereas the digitized histological sections consist of high-resolution
pixel matrices. To establish a consistent initial spatial correspondence, a global baseline
scale factor is computed. This factor is geometrically defined as the ratio between the
transversal MRI width (in voxels) and the corresponding histological slice width (in pixels).
Integrating this baseline scaling parameter normalizes the two modalities into a shared
dimensional magnitude. This initialization is a computational prerequisite, ensuring that
the subsequent affine optimizer starts from a geometrically plausible configuration rather
than attempting to match spaces with orders-of-magnitude differences in scale.
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Z-Axis Scanning and Grid Search

Searching the perfect slice of a high-resolution 3D MRI volume with the perfect parame-
ters in a single iteration is computationally very demanding but can also stops at a local
maximum. To narrow the search space and be more computationally efficient, the pipeline
first executes a discrete, coarse grid search to identify the most promising volumetric re-
gions before committing to heavy computations.

The algorithm iterates along the longitudinal Z-axis (depth) within a predefined anatom-
ical range (a few dozen of slice identified as potential best match by the user). At each
Z-coordinate, the algorithm calls the automated artifact detection function. As previously
established, if the mounting apparatus is identified on that specific slice, the rotational
search space (Ry) is immediately restricted to the computed artifact angle found. This
dynamic parameter pruning significantly reduces the computational weight. If the artifact
is absent or undetectable on that slice, the pipeline safely falls back to a predefined array
of empirical angles as mentioned in subsection 5.9.5.

For every valid Z-slice, the grid search systematically explores combinations of spatial
offsets and orientations:

e Rotations: Combinations of sagittal (Ry) and frontal (R,) angles. R, being mostly
set by the presence of the bar and R, by slight angles user-defined (across —15 and
+15 in the code).

e Translations: Slight offsets (Y-axis) around the previously computed centre of mass
to account for tissue alignment variations.

For each discrete combination, the algorithm constructs the corresponding affine trans-
formation matrix, projects the histological point cloud into the MRI space, and evaluates
the hybrid Mutual Information score.

Once the global scan is complete, all tested configurations are compiled and sorted in
descending order based on their objective scores. Instead of retaining only the absolute
best match, the algorithm isolates the Top N highest-scoring parameter combinations
(the top 5 slices with the highest matching score in this case). Retaining multiple distinct
potential slices is a safeguard: it prevents the pipeline from committing too early to a false
positive because once the whole transformations performed, a slice a priori less good could
have become better than the original best peak depending the transformations. These top
peaks serve as highly robust, pre-aligned initial seeds for the final continuous optimization
phase.
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Fine 3D Alignment and Continuous Optimization

While the initial grid search is meant to identify the most probable anatomical regions and
avoids global (angle) misalignments, its discrete nature only provides a basic slice from
the initial scan. To achieve an optimal, spatial matching, the pipeline will now perform a
fine-tuning optimization phase.

This phase utilizes SciPy's implementation of Powell's conjugate direction method
(scipy.optimize.minimize). Powell's method is a highly robust, derivative-free opti-
mization algorithm, which is necessary for this specific multi-modal problem. When the
Mutual Information (MI) metric is evaluated across a complex voxel grid as the one of a
brain scan, the necessary spatial interpolations will eventually create high-frequency noise
tiny artifacts in the objective function's landscape. Standard optimization algorithms based
on gradient descent calculate the local derivative (the slope) to find the minimum. Con-
sequently, these gradient-based solvers are easily biased by this interpolation noise: they
detect a false local slope and converge to a local minimum.

Powell method is independent of this high-frequency noise. Rather than computing lo-
cal mathematical derivatives, it relies on sequential 1-dimensional line searches along bi-
directional vectors. By evaluating the metric further along a line rather than just checking
the immediate slope, the algorithm effectively steps over the high-frequency grid noise and
smoothly navigates toward the true macroscopic optimum.

To maximize the chances of finding the true global maximum, the Powell optimizer is
executed independently for each of the top N slices primary found during the first grid
search. For each iteration, the solver is initialized with the slice original specific parame-
ters (ty, ty, t;, Rx, Ry, R;) and a default scale of 1.0.

The major feature of this step is the application of the boundary constraints (bounds) on
the 8-parameter optimization vector:

e Translations: Confined to a strict local neighbourhood around the initial geometric
guess. In-plane translations (t, t,) are restricted to £20 voxels to ensure the slice
remains centered on the target tissue mass. The depth search (t,) is constrained to
a margin of £10 to £15 slices, with tighter bounds automatically applied to datasets
where the initial artifact detection provided a higher confidence in the starting Z-
coordinate.

e Rotations: Restricted to small angular corrections to tune the orientation without
drastically altering the oblique cutting plane. The Z-axis rotation (R;) is strictly
confined to £10°. For the remaining axes, the constraints dynamically adapt to the
dataset’s initialization quality: when the mounting apparatus is detected, the sagittal
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tilt (Ry) is tightly constrained (45°) to respect the robust initial angle provided by
the artifact, while granting more flexibility to perpendicular rotation angle (R, €
[—10°,10°]). In datasets lacking this physical anchor, these rotational freedoms are
logically inverted to allow broader sagittal exploration (£10° for Ry).

e Scaling: Constrained within a plausible biological and physical deformation range
(0.8 to 1.2) to accommodate tissue shrinkage or stretching without inducing large
and unrealistic distortions. This constraint is important to accurately align the
macroscopic boundaries of both modalities, as unconstrained scaling could lead to
truncated voxel-pixel comparisons and artificially leading to biased alignment scores.

While a complete affine transformation would also include three shearing parameters, these
were deliberately excluded from this affine optimization. Allowing them would lead the
alogrithm to maximize the Mutual Information score by inducing parallelogram-like defor-
mations of the brain structure. Such morphological distortions like local tissue tearing
are mostly due to non-elastic deformations and cannot be accurately corrected using only
linear transformations. Instead, they are left to be resolved in the subsequent non-rigid
elastic registration phase (see section 5.10).

By confining the solver to these boundaries, the algorithm is forced to refine the specific
oblique plane rather than wandering across the entire brain volume (more efficient). Once
the optimization has converged for all N original slices, the pipeline compares their final
maximized objective scores. The specific configuration that yields the absolute highest
hybrid Mutual Information score is retained as the global optimal spatial alignment.

Slice extraction for visual validation

Once the optimal affine transformation matrix and the best initial slice are identified,
the final task of the pipeline is to generate and extract the transformed MRI slice that
corresponds exactly to the histological block. Because the datasets are computationally
demanding, the algorithm creates a discrete spatial matrix characterized by the exact
dimensions and pixel spacing of the blockface scan to serve as the final output. Given the
high spatial dimensionality of this target matrix, multiplying the entire coordinate grid by
the affine matrix simultaneously would cause severe memory overflow and lead to a system
failure.

To overcome this issue, a sequential row-by-row extraction algorithm was implemented.
The pipeline iterates along the height (Y-axis) of the target 2D space optimized by Powell's
method. For each iteration, an array representing a single horizontal row of pixels for the
final matrix is generated. These homogeneous coordinates are multiplied by the optimized
affine matrix to project this specific line into the 3D MRI volume space. This matrix acts
as the spatial mapping function that defines the exact position of each histological pixel
within the 3D coordinate system of the MRI.

However, these projected 3D coordinates are continuous (floating-point values) and rarely
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align perfectly with the discrete integer centers of the original MRI voxels. To assign a
precise intensity value to each new pixel, the projected coordinates are passed to a trilinear
interpolation function (scipy.ndimage.map_coordinates). The role of the interpolation
will be here to have a smoothed and continuous final extracted slice because the projection
will nearly never match a voxel of the 3D scan and could contain pixelation artifacts. To
counter this effect, the algorithm calculates a weighted average of the 8 nearest surround-
ing voxels.

Finally, for the qualitative visual assessment, the algorithm will plot 3 different figures
creating a comparative panel.

1. The fixed, pre-processed 2D histological block (as reference).
2. The newly extracted, optimally aligned MRI slice.
3. A direct spatial superposition of both modalities.

The superposition is mostly to compare to ventricles position or the edges of the brain.
Even if the slices are still not exactly matched (because the elastic deformations are still
not corrected), the coarse features of both modalities should be aligned.

5.9.6 Summary of the Decoupled Thresholding Strategy

Throughout the multimodal registration pipeline, distinct intensity thresholds are applied.
Rather than relying on a single global value, this decoupled approach ensures that each
mathematical operation ranging from intensity normalization to spatial initialization and
fine topological alignment is governed by a specifically tailored limit. Table 5.1 provides
a comprehensive overview of these thresholds in their chronological order of execution,
detailing their respective stages within the computational pipeline and their mathematical
justifications.

5.10 Elastic corrections

While the 3D-to-2D affine registration successfully aligns the global orientation and ex-
tracts the corresponding optimal MRI slice, the matching algorithm is limited to 8 linear
transformations (3 translation, 3 rotation, and 2 global scaling). It cannot account for the
non-linear morphological distortions such as tissue shrinkage, ventricles deformations or
other physical deformations that appeared during the physical histological sectioning and
mounting processes. To optimize the spatial correspondence and resolve these complex
distortions, a final 2D-to-2D non-rigid (elastic) registration step is required.

This final phase operates in two main steps: a geometric initialization followed by a multi-
resolution B-Spline deformation model that will improve the edges alignment. The pipeline

54



CHAPTER 5 5.10. ELASTIC CORRECTIONS

Parameter Threshold | Pipeline Stage Mathematical & Physical Justifi-
cation

Statistical Base- | /st > 15 | Intensity Normaliza- | Ensures statistical tissue purity. Ex-
line tion cludes the background and micro-
scopic noise to accurately compute
the Z-score parameters (u, o) with-
out artificially lowering the true tis-
sue mean.

Centroid Initial- | > 30% of w | Spatial Initialization Acts as a coarse geometric filter. Iso-
ization lates the bulk tissue mass to com-
pute a the centre of gravity, prevent-
ing disconnected edge artifacts from
skewing the spatial starting coordi-

nates.
Topological An- Ihisto > 5 Optimization  Loop | Prevents morphological erosion. Per-
chor (Gradient MI) missive enough to capture the

true cortical boundaries for gradient
matching, yet strict enough to filter
out low-intensity artifacts generated
by the bilinear spatial interpolations.

MRI Signal Vali- | /ygrr > 25 | Optimization  Loop | Acts as a statistical safequard. Ex-
dation (Overlap Penalty) cludes the darkest 1% of the nor-
malized MRI tissue, effectively reject-
ing partial volume effects and non-
anatomical signal voids during the
overlap validation.

Table 5.1: Chronological summary of the decoupled intensity thresholds used across the
2D-t0-3D co-registration pipeline.

is executed as follows.

5.10.1 Geometric Initialization via Thin Plate Splines (TPS)

The first phase corrects major macroscopic tissue displacements. An automated contour-
detection algorithm is once again applied to the binary masks of both the MRI slice and
the histological image. To find robust key-points, the algorithm geometrically divides the
images into left and right hemispheres (just by cutting at the geometrical centre of the
image). For each isolated hemisphere, the algorithm calculates its geometric centre (cen-
tre of mass) using spatial image moments (cv2.moments).

These two computed centroids serve as primary internal anatomical anchors. However,
relying solely on internal points could cause the outer cortical boundaries to undergo severe
and unnecessary deformations. To prevent this, eight additional static anchor points are
strategically placed along the image boundaries, ensuring that the deformations maintain
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the global image shape. A Thin Plate Spline (TPS) shape transformer evaluates these
corresponding point sets to compute an initial non-linear warp.

Theoretically, the Thin Plate Spline (TPS) algorithm is a spline-based spatial interpo-
lation method. As established by Bookstein [33], it constructs a mapping function by
combining a global affine transformation with a linear combination of local radial basis
functions centred at defined anchor points. The algorithm computes a deformation field
that precisely aligns these landmarks while minimizing a penalty defined as the integral
of the squared second-order partial derivatives of the spatial mapping thereby ensuring a
maximally smooth deformation. The use of such landmark-based optimization strategies
for non-linear brain image registration has already been established to handle structural
variations [34]. The specific application to histological-to-MRI co-registration is also well
documented in the literature [27].

In the practical implementation of our pipeline, a TPS shape transformer evaluates our
specifically defined corresponding point sets (the extracted centroids and boundary an-
chors) to compute this initial non-linear warp. This applied transformation step forces the
macroscopic internal tissue masses of the hemispheres to align accurately while effectively
maintaining the global geometric integrity of the cortical perimeter. Finally, this computed
initial deformation field is applied to resample both the high-resolution histological image
and its corresponding binary mask.

An alternative strategy involved placing anchor points within the ventricles. However, this
approach relies on accurate ventricular segmentation, thus necessitating a highly robust
masking pipeline regardless of the initial MRI scan quality. With Patient 854, where the
ventricles could not be well masked out, this technique is non applicable. Furthermore,
positioning anchors at the ventricles further from the brain contours allows for much larger
geometric variations, leading to non physiologically possible deformations.

5.10.2 Multi-Resolution Silhouette B-Spline Transformation

Following the geometric initialization, the next step of the pipeline uses the SimplelTK
framework to compute a highly precise non-rigid spatial warp. Unlike earlier methods re-
lying on pixel intensities or discrete landmarks, this final optimization is driven entirely by
the geometrical alignment of the tissue shapes (binary masks).

A B-Spline transformation matrix is initialized over the MRI mask using a highly flexible
15 x 15 pixel control point grid (using BSplineTransformInitializer). The optimizer
aims to minimize the Mean Squares metric between the fixed MRI mask and the histo-
logical mask to correct. The matching step of section 5.9 uses the histological section
as reference to go through the whole scan et match the best slice possible but now. The
extracted MRI slice now serves as the fixed reference to account for the elastic defor-
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mations that occurred in the histological tissue, ensuring a highly precise, pixel-to-voxel
spatial alignment between the two modalities.

To ensure a robust convergence and prevent too large foldings, a multi-resolution process
is implemented. The registration is performed across three hierarchical levels of Gaussian
smoothing and subsampling (shrink factors of 4, 2, and 1). Beginning with the highest
subsampling gives to the algorithm only the coarse details to be aligned. Then by reducing
it, the coarse shape is aligned and now the algorithm has access to more details that it
can align easier since the coarse shapes are aligned. Finally the smallest details are also
corrected allowing the global image to be perfectly aligned without large and unnecessary
deformations

Driven by a Gradient Descent Line Search optimizer, the B-Spline model generates a
deformable continuous grid to apply the deformations to blocks of pixels instead of one pixel
at a time which would be too intensive. Finally, once the optimal non-linear transformation
field is computed from the masks, this exact B-Spline transform is applied to resample the
high-resolution, corrected histological tissue. This produces the final co-registered image,
where both the global cutting angle and the local microscopic deformations are perfectly
aligned with the MRI reference, making it ready for precise clinical and neuropathological
analysis.

5.11 Summary of the global Co-registration pipeline

To provide a global a overview of the methodologies described throughout this chapter,
the multimodal registration workflow is summarized in Figure 5.12.

The block diagram illustrates the pipeline's three phases.

First, the parallel pre-processing of both modalities: the 3D MRI volumes undergo bias
correction and structural skull-stripping, detailed in Figure 5.3, while the 2D histological
sections are subjected to background removal and photometric inversion as detailed in
Figure 5.10.

Second, the iterative 2D-to-3D affine matching, which relies on automated artifact de-
tection and a hybrid Mutual Information metric to extract the optimal corresponding MRI
slice.

Finally, the 2D-to-2D non-linear elastic correction phase, which uses Thin Plate Splines
and multi-resolution B-Splines to resolve the localized tissue distortions and generate the
final aligned images.
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Raw 2D Histol-

Raw 3D ex vivo MRI ogy / Blockface

MRI Pre-processing Histology Pre-processing
(N4 Bias Correc- (HSV Masking, Con-
tion, 3D Masking) trast Inversion)

\ \

Spatial Initialization

ileshed SL RS elue (Centroids & Artifact Detector)

Pre-processed 2D Section |---

\/
Coarse Z-Axis Grid Search
(Top 5 Slices Extraction)

Affine Optimization
(Powell Method, Hybrid MI)

Fixed target
reference

Extracted 2D MRI Slice

\

Geometric Initialization
(Thin Plate Splines - TPS)

\

Non-Rigid Elastic Registration
(Multi-Resolution B-Splines)

\

Final Co-registered Image

Figure 5.12: Global block diagram of the multimodal coregistration pipeline. The distinct
pre-processing steps are grouped to highlight the macroscopic data flow leading to the
affine and elastic registrations.

5.12 Code Availability

To facilitate the reproducibility of the proposed methodology, the complete pipeline de-
scribed in this chapter including the 3D skull-stripping, the hybrid Ml optimization, and the
non-rigid elastic warping algorithms has been implemented as a Python framework. The
full source code is available on the project’s GitLab repository! for further investigation
and adaptation.

https://gitlab.uliege.be/CyclotronResearchCentre/Studies/p2025_histoms/match_histo_
evgmri
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Chapter 6

Results

The efficacy and accuracy of the volumetric co-registration pipeline inherently depend
on the quality of the input data. As detailed in chapter 4, the raw datasets presented
severe structural and photometric artifacts. This chapter first evaluates the robustness of
the automated pre-processing algorithms, before presenting the final 2D-to-3D matching
performances and their clinical applicability.

6.1 Pre-processing Robustness

This section first evaluates the ability of the developed pipelines to preserve anatomical
integrity while effectively suppressing non-cerebral noise in both the 3D MRI volumes and
the 2D histological sections.

6.1.1 3D Brain Masking on Multi-Contrast MRI (Patient 784)

The automated 3D skull-stripping pipeline was evaluated on the MRI acquisitions of Pa-
tient 784. The primary computational challenge was to achieve consistent tissue isolation
across quantitative maps (PD, Ry, R%, and MT,,;) that exhibit drastically different Signal-
to-Noise Ratios (SNR) and background characteristics.

As shown in Figure 6.1, the algorithm demonstrated high consistency across modalities
without requiring manual tuning the contrast parameters. For structural maps with rela-
tively low background noise, such as the R contrast Figure 6.1a, the pipeline successfully
excluded the surrounding immersion fluid, the ventricles, the largest sulci and the physical
mounting container while preserving the cortical edges Figure 6.1e.

Furthermore, the algorithm also shows a high efficacy on the highly degraded MT;,; map
Figure 6.1b. Despite the presence of the high-frequency background noise and signal inho-
mogeneities that severely degraded the brain boundaries in the raw volume, the adaptive
thresholding which calculates the cut-off dynamically based on the local tissue mean ef-
fectively isolated the cerebral hemispheres Figure 6.1f.
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Visual assessment shows that the resulting binary masks really well surrounds the anatom-
ical tissue across both contrasts, setting the background arrays to absolute zero. This
skull-stripping provides a clean and standardized anatomical basis for the subsequent spa-
tial registration steps.

Table 6.1: Hyperparameters of the 3D automated brain masking pipeline across MRI
contrasts (Patient 784).

Pipeline Parameter PD* Ry R3 MT.+
3D Median Filter Kernel Size 3x3x3 3x3x3 3x3x3 5bxbxb
Adaptive Threshold Multiplier 085 xu 085xu 11xpup 1.1 X
Structuring Element Connectivity 1 1 1 1

3D Binary Opening lterations 6 6 6

3D Binary Closing lterations 10 10 10 10
Target Connected Components 2 2 2 2

Note:  represents the dynamically updated local mean calculated within the adaptive 3D
bounding box to isolate the tissue from zero-intensity background.
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(b) Raw MTg,; slice

(e) Final masked R (f) Final masked MT¢

Figure 6.1: Preprocessing robustness comparison. The top row displays the original,
uncorrected slices where the MT,; contrast exhibits significantly higher background noise
compared to the R3. Despite these extreme initial differences, the adaptive 3D masking
pipeline successfully isolates the brain tissue in both modalities (middle and bottom rows).
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6.1.2 3D Brain Masking for Patient 854

The results of the pipeline for the field bias correction (section 5.2) are presented on Fig-
ure 6.2 and Figure 6.3. The bias field is effectively corrected allowing for a much more
homogeneous intensity distribution. We can observe aliasing effects on the lateral sides
of both view. Figure 6.2b and Figure 6.3b also have the mask applied, however the back-
ground is not perfectly rejected and the cage still has high voxels intensities.

To clearly illustrate the limitations of our initial skull-stripping algorithm on this specific
dataset, Figure 6.4 presents the masking results applied directly to the raw volumes (prior
to any field bias correction). Due to the low-frequency intensity fluctuations present across
the uncorrected 7T volume, the algorithm fails to accurately isolate the brain tissue. The
algorithm relying on global intensity thresholds, the signal drop in the deeper parts of the
brain causes it to mask true anatomical structures, treating them as background. The
hyper-intensities at the outer cortical surfaces prevent the morphological operations from
accurately masking the non-anatomical space between the brain cage and the brain tissue,
leaving unwanted background artifacts attached to the final masked volume.

In an attempt to resolve these intensity gradients, the masking pipeline was applied to the
volumes after performing the N4ITK bias correction, as shown in Figure 6.5. The N4ITK
bias field correction algorithm, using the parameters summarized in Table 6.2.

Table 6.2: Parameters utilized for the N4ITK bias field correction algorithm.

Parameter Value Description

Shrink Factor 4 Subsampling factor

Number of Fitting Levels 4 Number of hierarchical multi-resolution
levels used by the B-Spline optimization
grid.

Maximum lterations 50 Defines the stopping criterion if conver-
gence is not reached.

Convergence Threshold 0.1% Stopping criterion based on the varia-
tion between subsequent bias field esti-
mates.

Spline Order 3 (Cubic) Degree of the B-Spline polynomials

generating the continuous deformable
grid (default algorithmic value).

However, this approach introduced new, contrast-specific errors. For the Proton Den-
sity (PD) contrast, flattening the bias field resulted in a mask that became significantly
less restrictive (too permissive). Consequently, the background located within the deeper
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anatomical structures and internal cavities is no longer masked. For the Magnetization
Transfer (MT) contrast, the intensity distribution after the correction resulted in an too
aggressive masking, leading to an even larger proportion of the deeper anatomical struc-
tures erased compared to the uncorrected raw scan. These results demonstrate that a
standard intensity-based masking approach, is not suitable for the complex contrast issues
of Patient 854.

(a) Raw scan (b) Corrected scan

Figure 6.2: Frontal view of the bias correction pipeline results, proton-density contrast at
first echo-time

(a) Sagittal view of the raw scan (b) Sagittal view of the corrected scan

Figure 6.3: Sagittal view of the bias correction pipeline results for Patient 854, proton-
density contrast at first echo-time
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(a) Mask applied on Patient 854 (PD (b) PD contrast scan of Patient 854,
contrast, first echo time) brain masked

(c) Mask applied on Patient 854 (MT (d) MT contrast scan of Patient 854,
contrast, first echo time) brain masked

Figure 6.4: Effect of brain mask applied on Patient 854, coronal view with no bias correc-
tion applied, slice 288, scan of first echo time
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(a) Mask applied on Patient 854 (PD (b) PD contrast scan of Patient 854,
contrast, first echo time) brain masked

(c) Mask applied on Patient 854 (MT (d) MT contrast scan of Patient 854,
contrast, first echo time) brain masked

Figure 6.5: Effect of brain mask applied on Patient 854, coronal view (after bias correc-
tion), slice 288, scan of first echo time

6.1.3 2D Blockface and Histological Masking (Yellow Masks)

Following the standardized 3D MRI skull-stripping, the segmentation of the corresponding
high-resolution 2D blockface histological images is performed using the algorithm called
"yellow masks". The primary computational objective was to isolate the cerebral tissue
from the photographic background, which consists of the laboratory surface along with
potential shadows and other reflections.

As shown in Figure 6.6, the pipeline successfully isolated the brain tissue but was inten-
tionally set to a permissive configuration regarding background objects. Visual comparison
reveals that while the intensity thresholding efficiently separated the biological signal from
the darker background, the large morphological opening operator (25 x 25 pixels) was
sometimes insufficient to fully mask out brighter artifacts (mounting residues reflexion in
the sulci) from some parts of the brain. Consequently, the algorithm remains permissive
to prevent the loss of real cortical signal, particularly in the tiny sulci, the parameters
were also configured to preserve the two largest connected components. As shown in
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Figure 6.6, the primary cerebral mass is entirely preserved and correctly isolated, ensuring
that no brain tissue is lost.

However, this strategy results in residual background artifact (in the sulci on on the edges
of the brain tissue) being included in the final binary mask. While non-ideal for true
segmentation, this result is accepted as a necessary trade-off: a slightly larger search area
for the subsequent registration is preferable to a loss of anatomical reference.

Table 6.3: Hyperparameter adaptations for 2D blockface and histological masking.

Pipeline Parameter Standard Specific Slices
P Configuration (e.g., 11_3, 15 2)

Median Blur Kernel Size 35 x 35 15 x 15
Binary Intensity Threshold 45 65
Morphological Opening Kernel 15 x 15 25 x 25
Preserved Connected

1 2
Components

Note: Specific adjustments were required for a subset of images exhibiting altered lighting
conditions, reflections or other mounting residues. The morphological opening was intensified and
the threshold made stricter to counter these artifacts, while two connected components were
preserved to ensure no genuine cortical tissue was eroded.

This strategy was then applied to the second dataset (Patient 854) to assess the robust-
ness of the "yellow masks" pipeline under different experimental conditions. As illustrated
in Figure 6.7 and Figure 6.8, the algorithm maintained its performance despite variations
in tissue contrast and background lighting even if some tissue zones a bit darker have been
masked out.

However, some histological blocks (such as blocks 24 and 27, shown in Figure 6.9 and
Figure 6.10) presented more complex artifacts and still masked out darker zones. Even in
these cases, the permissive configuration of the pipeline successfully preserved the cerebral
morphology. While these additional background residuals remained present, the consis-
tency of the masking results across both patients validates the scalability of the proposed
method for multi-site histological studies.
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(a) histo block 11 mask

(c) histo block 18 mask

(e) histo block 19 masked (f) histo block 19 masked
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