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Abstract

Tuberculosis (TB), caused by Mycobacterium tuberculosis, remains a leading global cause of
death (World Health Organization, 2022). Consequently, research into its infection mechanisms
and preventive strategies is of paramount importance. Mycobacterium tuberculosis is the
bacterium that causes tuberculosis in humans. For research on the infection, the zebra�sh
has successfully been used as a model organism. For studies in zebra�sh, Mycobacterium
marinum is used; this bacterium resembles the human counterpart. Both infections caused by
Mycobacterium marinum and Mycobacterium tuberculosis share a common feature, which is
the presence of clusters of macrophages containing the bacteria. These clusters are referred to
as granulomas. In general, the formation of granulomas is studied in larval stages of zebra�sh.
In this study we analyze the distribution of granulomas in adult zebra�sh. The starting point
is serial sections in which the granulomas can be well observed. The sections are digitized as
Whole Slide Images (WSIs), which results in very high-resolution images. To analyze the 3D
distribution of the granulomas, a 3D reconstruction from these WSIs needs to be realized. We
have designed a protocol to preprocess the WSIs and submit them to a sequential registration
procedure. The resulting set of registered slides was used for annotation to a 3D reconstruction
highlighting the di�erent instances of granulomas in the zebra�sh. Furthermore, we employed
the labels from this 3D reconstruction in a segmentation neural network. This strategy paves
the way for future reconstructions to harness this trained network in pinpointing granulomas.
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1 Introduction

Tuberculosis (TB) remains a signi�cant worldwide health challenge, necessitating improvement in
diagnostic methods and treatment approaches. Given the complicated nature of TB's pathogenesis
and its widespread e�ects on people across the globe, continuing the research regarding its develop-
ment is crucial. Tuberculosis is caused by aMycobacterium tuberculosisinfection. A distinctive
feature of this infection is the development of granulomas, which are immune cell aggregates that
form around the site of infection. This study uses zebra�sh as a model organism for tuberculosis
to investigate the three-dimensional distribution of granulomas. By infecting adult zebra�sh with
Mycobacterium marinum, a bacterium that closely mimics tuberculosis progression, valuable insights
into disease dynamics and host-pathogen interactions can be obtained.

The zebra�sh has already played an important role as model organisms in numerous tuberculosis
studies. Previous studies predominantly concentrated on zebra�sh during their early developmental
stages, making use of their optical transparency in these life stages(Clay et al., 2007; Tobin &
Ramakrishnan, 2008; Ordas et al., 2015). However, these studies were limited to observing only the
initial stages of disease progression. In contrast, this study focuses on adult zebra�sh as the model
organism, allowing for the examination of tuberculosis at later stages of progression. During earlier
life stages, zebra�sh exclusively rely on innate immunity; however, as they mature into adults, they
develop adaptive immunity as well, similar to that of mammals(Bouz & Al Hasawi, 2018). While
the use of adult zebra�sh as tuberculosis models has been explored, most research in this �eld has
primarily adopted a two-dimensional perspective(Myllym•aki, B•auerlein, & R•amet, 2016; Cheng,
Kam, Johansen, & Oehlers, 2020).

By investigating the disease in three dimensions, valuable insights can be gained into the spatial
relationships between granulomas and other organs, thereby advancing comprehension of the disease.
The aim is to answer the research question: \Can a reliable analysis be performed on the distribution
of granulomas in a 3D reconstruction of adult zebra�sh?" By investigating this, insights can be
gained into the intricate patterns of granuloma distribution and their signi�cance in tuberculosis
progression. The research process involves image registration, 3D reconstruction, and granuloma
distribution analysis, which can be further divided into three sub-questions that contribute to
answering the main research question:

1. Can a reliable registration be performed on WSIs of adult zebra�sh using VALIS software?

2. Can a proper 3D reconstruction of granulomas be made from the registered WSIs of adult
zebra�sh?

3. Can a segmentation network be used to identify the granulomas in adult zebra�sh?
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1.1 Thesis overview

This bachelor thesis was conducted at the Leiden Institute of Advanced Computer Science (LIACS)
under the supervision of Fons J. Verbeek and Shima Javanmardi. The objective of this study is
to investigate the three-dimensional distribution of granulomas in adult zebra�sh infected with
Mycobacterium marinum, utilizing zebra�sh for tuberculosis research. The thesis is divided into
several sections to provide a comprehensive understanding of the topic.

Chapter 1 introduces the thesis, emphasizing zebra�sh's signi�cance in tuberculosis research.
This section establishes the groundwork for the following chapters by setting up the research
objectives.

Chapter 2 explores the background information necessary to comprehend the research. It begins by
discussing zebra�sh as a model organism and highlights its relevance in tuberculosis research. Whole
slide imaging techniques and staining methods in pathology are discussed, along with the BigTIFF
format used for handling large-scale images. Image registration and the error measures for registra-
tion are discussed. The concept of 3D reconstruction from serial sections is explored, followed by
an overview of the TDR-3Dbase software. Lastly, the application of deep learning in image segmen-
tation is covered, addressing di�erent architectures, various applications, and performance measures.

Chapter 3 provides detailed information on the materials and methods employed in the research. It
covers the zebra�sh material used and the preprocessing techniques applied to the serial section
images of these zebra�sh. The image registration process is discussed, speci�cally the Virtual
Alignment of pathoLogy Image Series (VALIS) pipeline, and the two di�erent approaches used
in this research were detailed. Additionally, the 3D reconstruction process and the analysis using
segmentation networks are explained. Chapter 4 presents the results obtained from the conducted
experiments.

Chapter 5 concludes the thesis, o�ering a concise summary of the research �ndings and their
signi�cance. It also discusses the challenges within the research and potential avenues for future
studies.
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2 Background

To understand the signi�cance and relevance of the research, it is crucial to establish a well-rounded
background that discusses the essential aspects. The essential aspects concerning this research
include highlighting the importance of zebra�sh as a prominent model organism, examining the
biology of granulomas in zebra�sh, and understanding image registration and 3D reconstruction
form serial sections. Moreover, this background section will provide insights into using a deep
learning segmentation network, which will be used to analyze the distribution of granulomas in
zebra�sh.

2.1 Zebra�sh as a Model Organism

The zebra�sh (Danio rerio) is a versatile model organism used across various research �elds,
including developmental biology, genetics, immunology, and drug discovery(Thisse & Zon, 2002;
Trede, Langenau, Traver, Look, & Zon, 2004; Meijer & Spaink, 2011). Numerous advantages
make the zebra�sh an ideal model for studying various vertebrate processes(Meijer & Spaink,
2011). With an adult size between 3 to 5 centimeters, zebra�sh can achieve a high population
density, housing up to 5 �sh per liter. Furthermore, their rapid reproduction cycle permits a
single female to lay up to 300 eggs per week. The optical transparency of zebra�sh embryos
and larvae enables non-invasive imaging techniques, providing high-resolution views of cellular
and subcellular processes. Additionally, zebra�sh exhibit genetic and physiological similarities
to mammals, surpassing invertebrate models in this regard(Thisse & Zon, 2002). These unique
attributes collectively make the zebra�sh a valuable and highly relevant model for diverse scienti�c
investigations.

2.1.1 Zebra�sh as a Model Organism for Tuberculosis Research

One speci�c area of research that has used zebra�sh as a model organism is the �eld of bacterial
infection studies. Zebra�sh models in bacterial infection research can reveal novel host-pathogen
interactions and aid in developing innovative treatments. Zebra�sh have already been used to study
a range of bacterial infections, includingSalmonella typhimurium, Streptococcus, and Mycobacterium
marinum infection (van der Sar, 2003; Neely, Pfeifer, & Caparon, 2002; Stoop et al., 2011). In this
research speci�cally, theM. marinum infection will be studied. The signi�cance ofM. marinum
infection in zebra�sh lies in its resemblance to the infection caused byMycobacterium tuberculosis
in humans, the pathogen responsible for tuberculosis (TB)(Stoop et al., 2011). In 2021, TB caused
approximately 1:4 million deaths(World Health Organization, 2022). Despite progress in mitigating
its global impact, TB remains a signi�cant public health concern, especially in countries with
limited resources and lower income levels.

In the past, zebra�sh have already been used as a model organism in numerous tuberculosis
studies. These studies have mainly relied on using zebra�sh in their earlier life stages as model
organisms, also making use of the optical transparency characteristic they possess in these life
stages(Clay et al., 2007; Tobin & Ramakrishnan, 2008; Ordas et al., 2015). The scope of these
studies was primarily focused on the initial phases of disease progression, and the examination of
zebra�sh during these early life stages only encompassed their innate immune response. In order to
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investigate the later stages of disease progression and the additional impacts of adaptive immunity,
adult zebra�sh serve as a suitable model. Adult zebra�sh possess an immune system similar to that
of mammals, having both innate and adaptive immunity(Bouz & Al Hasawi, 2018). The adult
zebra�sh has already been used in studies regarding this topic(Myllym•aki et al., 2016; Cheng et al.,
2020). In these studies it has been shown that the adult zebra�sh infected byM. marinum closely
mimics the disease phases observed in human tuberculosis, this includes latency and reactivation.
This makes the adult zebra�sh an excellent model for studying di�erent stages of TB, as well as
the host immune responses and bacterial adaptations that occur during each phase. The zebra�sh
model also holds promise for identifying biomarkers for diagnosing di�erent stages of TB and can
contribute to the development of new drugs and vaccines.

2.1.2 Tuberculosis Pathogenesis

Understanding TB infection's mechanisms is crucial for enhancing its treatment. Humans typically
contract M. tuberculosis when the bacterium is inhaled, predominantly infecting the lungs. In
nature, zebra�sh can become infected withM. marinum through exposure to water contaminated
by infected �sh or bio�lms in their environment (Swaim et al., 2006). To arti�cially infect a
zebra�sh, researchers typically administer the pathogen, such asMycobacterium marinum, through
an intraperitoneal injection. (van Leeuwen, van der Sar, & Bitter, 2015). Intraperitoneal refers to
a route or method of administration in which a substance is directly injected or introduced into
the peritoneal cavity. The peritoneal cavity is the space within the abdomen that surrounds the
abdominal organs, such as the stomach, liver, intestines, and spleen.

Once the pathogen enters a macrophage and triggers the activation of the immune response
within the host tissue, the host responds by initiating the formation of a cellular mass called
a granuloma(Russell, 2007). Granulomas are a de�ning characteristic of tuberculosis infection
and will form as a result of bothM. marinum and M. tuberculosis (Myllym•aki et al., 2016). In
granuloma formation, macrophages are recruited to the site of infection. After this, other immune
cells accumulate and surround the o�ending agent as well, forming a central core. Granulomas act
as a physical barrier, con�ning pathogens within a localized area. The formation of granulomas
in zebra�sh as an e�ect of infection byM. marinum has a lot of genetic components similar to
granuloma formation in humans as a result ofM. tuberculosis, and are structurally similar as well.
The main distinction lies in the location of the granulomas(Stoop et al., 2011). In humans,M.
tuberculosistypically leads to the formation of granulomas mainly in the lungs. Zebra�sh lack lungs,
and granulomas resulting fromM. marinum primarily form in fatty tissues such as the pancreas,
liver, spleen, and gonads. But since the processes of formation are still highly similar, the zebra�sh
model o�ers the opportunity to study tuberculosis pathogenesis, providing valuable insights into
the disease progression and potential treatment strategies. The parallels between the two infections
make M. marinum a valuable tool for advancing our understanding of tuberculosis and developing
new remedies.
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2.2 Whole Slide Images

In the past, digital imaging of microscopy slides relied on static cameras capturing images of
these slides, resulting in only speci�c regions of a glass slide being captured(Farahani, Parwani,
Pantanowitz, et al., 2015). This method was inconvenient due to the potential loss of important
details since it was impossible to see the image as a whole.

As a solution for this limitation, robotic microscopy was introduced. This type of microscopy
automated the process of capturing a whole microscopy slide instead of having to take multiple
pictures one by one manually. In this process, multiple images of the same slide were captured
and put together, resulting in the composite slide image. This approach enables the user to view
the whole slide at high resolution, including regions that were previously missed when using static
cameras.

More progress and developments in this area �nally led to whole slide image scanners, capa-
ble of producing high-resolution digital slides in a short period of time. This method also captures
multiple pictures of the slide and �nally puts them together to create one larger image. This
technique of whole slide imaging is now a well-received technique, aiming to emulate conventional
light microscopy digitally (Pantanowitz et al., 2011).

2.2.1 BigTIFF format for WSI

Di�erent WSI systems support various image formats for acquiring WSIs, with the possibilities
depending on the model of the speci�c WSI system(Farahani et al., 2015). One such format is
the BigTIFF format, the image format used in this research. The BigTIFF format is an extension
of the TIFF (Tagged Image File Format) format. One of the strengths of using the TIFF format
is its organization of image data, which allows for the preservation of high-quality images and
their metadata in a lossless manner. Whereas the TIFF �le format uses 32-bit o�sets, limiting
the �le to 4 gigabytes, the BigTIFF format uses 64-bit o�sets instead, allowing for bigger �les
(Aware Systems, 2008). O�sets refer to the positions or addresses within a �le where speci�c data
or information is located.

TIFF images are valuable because they organize image data in a way that allows for quick and easy
random access(Pillay, 2023). This bene�t is achieved through tiling, a technique used to divide
images into smaller tiles, and the creation of multi-resolution image pyramids, of which a schematic
representation can be seen in Figure 1. Tiling allows for quick decoding of speci�c regions within
an image without the need to decode the entire image. Furthermore, the use of multi-resolution
pyramids enables storing multiple resolutions of an image in a hierarchical structure, facilitating
rapid access to images of any size. This powerful combination of tiling and multi-resolution pyramids
grants e�cient and speedy random access to any part of an image, even with extremely large
images.
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Figure 1: An illustration of how digital WSI �les in TIFF format are stored in a pyramid structure.
In this example, there are �ve resolution levels (levels 0-4). Lower resolutions are a down-sampled
copy of the highest resolution at level 0.

2.2.2 Serial Sections

Serial sectioning refers to the process of obtaining a series of thin slices from a physical object or
tissue sample(Verbeek, 1999). These sections allow for a detailed analysis of the internal structures
by capturing individual layers of the object. Slides containing serial sections can also be converted
into WSIs for further digital analysis. However, a common issue that arises when physically dividing
an object into sections is the possibility of compromising its structural integrity in the third
dimension, as well as possible deformations of the object in the section.

2.2.3 Staining of Slides

When creating WSIs, it is customary to stain the slides before they are digitized. There are
several techniques for staining that can improve the visibility of tissue structures and cellular
components. Once the slides are appropriately stained, they can be scanned using specialized
digital scanners to generate high-resolution WSIs. Two di�erent staining methods were used for ac-
quiring the WSIs in this research: a Ziehl-Neelsen (ZN) stain and a hematoxylin and eosin (HE) stain.

The ZN stain is a type of acid-fast stain developed to exploit the acid fastness of the mycobacterial
genus(Talbot & Ra�a, 2015). This means it can be used forM. marinum and M. tuberculosis, giving
the bacteria a red or pink color. This staining has been widely used as a test for the diagnosis of
tuberculosis in resource-limited settings, as the staining is a�ordable and results are rapidly available.

The HE stain is a crucial tissue stain in histology, widely used in medical diagnosis(Titford,
2005). This stain provides a general di�erentiation between tissue types and cellular compo-
nents. It consists of two components: hematoxylin and eosin. Hematoxylin is a basic dye that
stains acidic structures like cell nuclei, presenting them in shades of blue or purple. It selectively
binds to DNA and RNA in the nucleus, allowing the visualization of individual cell locations
and morphology. On the other hand, eosin is an acidic dye that stains basic tissue components,
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such as cytoplasm and extracellular matrix, in shades of pink or red. This di�erentiation aids
in distinguishing various tissue types and cellular components based on their staining characteristics.

In Figure 2 examples of the two di�erent staining methods can be seen. The images were taken
from the dataset used in the experiments. Figure 2a shows a WSI with a ZN stain and in Figure 2b
a WSI with a HE stain can be seen. In both images the granulomas can be seen as circular pink
structures. It is important to note that these �gures are mere examples, in the actual dataset the
intensity of the coloring may di�er from image to image.

(a) Ziehl-Neelsen (ZN) stain (b) Hematoxylin and Eosin (HE) stain

Figure 2: Serial sections of zebra�sh infected withMycobacterium marinum. In both the ZN stain
(a) and the HE stain (b), the granulomas are prominently visualized as circular pink structures.

2.3 Image Registration

Image registration is the process of aligning multiple images of the same scene, which may have been
captured at di�erent times or from di�erent perspectives (Zitov�a & Flusser, 2003). This alignment
process aims to match the images geometrically. Usually, a reference image is used to align the
other images. When the images have a speci�ed order, they can be aligned serially, which means
that the previous image in the dataset will be used as a reference image for the next.

We distinguish between two di�erent registration methods, rigid and non-rigid, which di�er in the
types of transformations allowed to match the images to each other(Zhang, Dong, Gao, & Zhao,
2020). When performing rigid image registration, only rotation and translation operations are
used to modify the images. Using these types of transformations causes the relationships between
pixels to be preserved before and after the transformation. On the other hand, non-rigid image
registration enables non-uniform mapping between the images, which results in changing the shape
of the images. In this case, the registration will change the pixel-wise relations.

Both types of image registration play a crucial role in various applications, including medical
imaging, computer vision, and more(Zitov�a & Flusser, 2003). It facilitates tasks such as image
fusion, change detection, object tracking, and image analysis, enabling a comprehensive under-
standing and integration of multiple images. In the context of this research, registered serial section
images are especially valuable, as they can be used to create a three-dimensional reconstruction.
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2.4 3D Reconstruction from Serial Sections

Three-dimensional (3D) reconstruction is a valuable tool and is used to study the spatial structure,
morphology, and organization of objects in three-dimensional space. One approach to creating such
reconstructions involves using 2D serial sections, which capture consecutive slices or perspectives of
an object or specimen(Verbeek, 1999). By drawing and layering contours from these serial sections,
a comprehensive understanding of complex structures can be obtained.

However, a disadvantage to this method is that physical serial sectioning can be invasive and may
result in a loss of integrity in the third dimension due to potential deformations in the object. To
address this issue, image registration becomes crucial. Image registration techniques align the 2D
serial sections, ensuring accuracy and precision in the 3D reconstruction process. Combining image
registration with 2D serial sections can result in highly detailed and reliable 3D reconstructions.
This approach enables thorough exploration and analysis of intricate features and characteristics
present in various objects and specimens. The resulting 3D reconstructions o�er a comprehensive
perspective, allowing for the visualization and interaction with the structures from di�erent angles,
aiding in more detailed analyses.

2.5 Image Segmentation using Deep Learning

Image segmentation is a type of computer vision task that involves partitioning images into multiple
segments, usually to isolate certain objects in relation to other parts of the image(Minaee et al.,
2022). In essence, the concept of image segmentation can be seen as a pixel classi�cation task.
In this formulation, each pixel in an image is treated as an individual sample, and the goal is to
classify each pixel into speci�c classes or categories.

2.5.1 Architecture of Image Segmentation Networks

There are many di�erent methods for segmentation using deep learning(Minaee et al., 2022). These
methods exhibit diverse architectures that can be based on convolutional neural networks (CNN),
fully-connected neural networks (FCNN), recurrent neural networks (RNN), or other specialized
structures. While the architecture is not con�ned to these categories alone, the primary objective
remains to capture spatial dependencies and acquire meaningful representations from input images.
A popular approach for segmentation networks is the encoder-decoder framework. In this structure,
the encoder extracts high-level features and spatial information from the input data, typically
through a series of convolutional layers, while the decoder reconstructs the image from the encoded
features, performing upsampling operations to restore its original spatial dimensions and re�ning
the segmentation output. This combination enables the network to e�ectively learn and predict
pixel-level segmentation maps.

For a network trained through supervised learning, the network is fed with input images and
their corresponding pixel-wise labels(Hesamian, Jia, He, & Kennedy, 2019). The network learns
to predict the segmentation map by minimizing a loss function, such as cross-entropy or dice
loss, which measures the discrepancy between the predicted segmentation and the ground truth.
Cross-entropy is commonly used in image segmentation because it quanti�es the dissimilarity
between the predicted probability distribution and the true labels, encouraging the network to
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assign high probabilities to correct class labels. On the other hand, dice loss is preferred in scenarios
where class imbalance is a concern, as it focuses on the intersection between the predicted and true
masks, making it particularly e�ective when dealing with imbalanced foreground and background
classes. During inference, the trained segmentation network takes an input image and produces a
pixel-level segmentation map, where each pixel is assigned a class label. This map highlights the
boundaries and regions of di�erent objects or areas of interest within the image. It should be noted
that the training of segmentation networks is not limited to supervised learning. Unsupervised
learning techniques have also found application in extracting more dependable information from
inadequately labeled data, using the derived annotated data for network training purposes(Anirudh,
Thiagarajan, Bremer, & Kim, 2016).

2.5.2 Applications of Image Segmentation using Deep Learning

Segmentation can be used in a variety of applications. For example, it can be used in autonomous
vehicles to detect pedestrians and roads, for video surveillance to track objects(Ha, Watanabe,
Karasawa, Ushiku, & Harada, 2017; Ojha & Sakhare, 2015; Hesamian et al., 2019). In the �eld of
medical image analysis, segmentation plays a crucial role, particularly in delivering essential and
accurate information regarding the intricate shapes, volumes, and spatial relationships of organs,
cells, and lesions(Hesamian et al., 2019). This may help healthcare professionals with their tasks
related to diagnoses, treatments, and monitoring.

A more speci�c example is how segmentation networks have been used to identify tumors within
medical images(Jiang, Diao, & Yao, 2022). With the achievements in the �eld of deep learning and
natural image segmentation came the U-Net architecture(Ronneberger, Fischer, & Brox, 2015).
What sets U-Net apart is its unique combination of an encoder-decoder architecture with skip
connections. The U-Net architecture, commonly used for image segmentation, employs skip connec-
tions to connect corresponding encoder and decoder layers. These connections facilitate the transfer
of feature maps from the encoder to the decoder, enabling the conservation of detailed spatial
information during the upsampling process. Overall, the success of deep learning has established it
as the prevailing method for automated tumor segmentation, setting a standard in this �eld.(Jiang
et al., 2022).

In addition to tumor identi�cation, segmentation networks have also shown promising appli-
cations in the detection and analysis of granulomas(Y. Wang et al., 2019; Alilou et al., 2017).
Neural networks o�er a valuable tool for accurately identifying these in
ammatory regions to diag-
nose and monitor diseases causing granulomas, including tuberculosis. Segmentation networks can
capture the unique features and spatial patterns associated with granulomas, enabling automated
segmentation. This automated segmentation may help in evaluating the progression of the disease.

2.5.3 Performance Measures for Neural Networks

In machine learning, evaluating the accuracy of models, including neural networks, is a crucial step
in assessing their e�ectiveness and reliability, meaning this is important for an image segmentation
network as well. To do this, performance measures are essential to understand the performance
of the network against the expected outcomes. These performance measures are used during the
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training, validation, and testing stages. This research concentrates on two pivotal performance
metrics among the many available: the F1 score and the mean squared error (MSE).

The F1 score is a metric commonly used in classi�cation tasks to evaluate the performance
of a model. It is the harmonic mean of precision and recall and provides a balanced measure of
both metrics (Derczynski, 2016). Precision is the ratio of accurate positive predictions within the
set of all positive predictions, whereas recall involves the ratio of correct positive predictions among
all existing positive instances. Here true positive predictions refer to the cases where the model
correctly identi�es a positive instance, while true negatives are where the model correctly identi�es
a negative instance. The formula can be seen in Equation 1. The value falls between 0 and 1, and a
higher F1 score indicates a good balance between precision and recall.

F1 score =
2 � P recision � Recall

P recision + Recall
(1)

MSE is an evaluation metric that quanti�es the average squared di�erence between the predicted
values and the true target values in a dataset(F. Wang & Zai, 2023). A lower MSE value indicates
that the model's predictions are close to the true values, while a higher value suggests a larger
discrepancy between predictions and reality. The formula can be seen in Equation 2, wherex i is the
predicted value andyi is the target value. During training, the model aims to minimize the MSE
on the training dataset, which measures how well the model �ts the training data. However, to
evaluate the model's generalization capability, the MSE is also computed on a separate validation
dataset that the model has not seen during training. The di�erence between training and validation
MSE helps identify potential over�tting issues, where the model performs well on the training data
but fails to generalize e�ectively to new, unseen data.

MSE =
1
n

nX

i =1

(x i � yi )2 (2)
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3 Materials & Methods

This section will describe the materials & methods used in this study. It will be explained how
the images are prepared for the registration process. It will then clarify how image registration
was performed to align multiple images of the zebra�sh, and how 3D reconstruction was used to
create a 3D image. Finally, it will be explained how the analysis of these images was done using a
segmentation neural network to identify and locate granulomas in the zebra�sh.

3.1 Zebra�sh Material

This project used slides containing coronal serial sections of adult zebra�sh infected withMycobac-
terium marinum. Hematoxylin and eosin staining was applied to the majority of slides, while the
Ziehl-Neelsen method was used for some. These slides were digitally captured as whole slide images
(WSIs) and they were in BigTIFF format, o�ering ten levels of resolution. The initial dataset
comprised 92 zebra�sh whole slide images, each containing two serial sections.

3.2 Image Preprocessing

To be able to perform registration of the serial sections, the original images containing two serial
sections were cropped to isolate individual zebra�sh serial sections. The cropping of the BigTIFF
images was done using pyvips, a Python binding for libvips(Cupitt & Martinez, 1996). The original
images contained resolution levels 0 through 9, where 0 is the highest resolution and 9 is the lowest.
The resulting images were PNG images at the resolution level 3. This resolution was chosen as it
balances image clarity and the need to maintain relatively small �le sizes to keep the computation
cost lower. It is worth noting that this decision was empirical and based on practical considerations.

In order to crop the images, the coordinates of the top left corner and the size of the result-
ing image have to be given as input. Entering the inputs manually was essential to ensure that
each resulting image e�ectively captured the entire �sh within its boundaries. This was particularly
crucial due to the diverse sizes and compositions of the �sh in each image, which presented a
challenge in the cropping process. To �nd the coordinates of the top-left corner in the WSIs,ASAP
software was used to visualize the images(Computational Pathology Group, 2018). This made it
possible to measure the pixels in the image to �nd the right coordinates. The size of the cropped
images was set to 5500x11500 pixels. The code used for this cropping can be found in the technical
document associated with this thesis.

Not all images in the original dataset were used for further registration, as some images con-
tained poor-quality sections that could potentially compromise the accuracy of the registration.
To make sure all images used had a proper quality, they were reviewed after being cropped. The
images that contained damaged �sh or images where the complete �sh wasn't captured during
image acquisition were removed.
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3.3 Image Registration

In this research, the alignment of coronal serial sections of zebra�sh was performed using VALIS,
an automated pipeline for whole slide image registration with rigid and non-rigid transformations
(Gatenbee et al., 2021). The choice to perform non-rigid registration was made due to challenges
presented by potentially deformed images on the slides and occasional damage. Accurate alignment
was crucial for subsequent 3D reconstruction. Non-rigid registration allowed the images with more
complex deformations and local irregularities caused by tissue sectioning to be aligned more precisely.
Various approaches were explored with di�erent parameters to optimize alignment accuracy and
minimize registration errors. Details of these approaches can be found in Sections 3.3.3 and 3.3.4,
and further explanation of registration errors is provided in Section 3.3.2.

3.3.1 VALIS: Virtual Alignment of pathoLogy Image Series

In this project, Virtual Alignment of pathoLogy Image Series (VALIS) was used for the registration
of the WSIs. VALIS is a fully automated pipeline that automatically registers whole slide images,
both rigidly and non-rigidly (Gatenbee et al., 2021). To better understand how VALIS achieves the
registration of images, the methodology it uses will be summarized in the remainder of this section.
The summary is based on the paper introducing the VALIS software(Gatenbee et al., 2021). A
schematic overview of the process can be seen in Figure 3. The code used for the registration is
located in the technical document associated with this thesis.

During the automated registration process, VALIS reads the original images in small tiles using
Bio-formats and OpenSlide(Linkert et al., 2010; Goode, Gilbert, Harkes, Jukic, & Satyanarayanan,
2013). These tiles are converted to libvips images and combined to rebuild the entire image as a
single whole slide libvips image(Cupitt & Martinez, 1996). These images use a \lazy evaluation"
that allows the warping of whole slide images without requiring them to be loaded into memory. This
feature is bene�cial for large images since it e�ciently avoids memory limitations that commonly
occur when dealing with such larger image �les.

Following the conversion of the input images, the slides are preprocessed. A lower-resolution
version of the image is used to perform feature detection and to �nd the displacement �elds, repre-
senting the spatial shifts within an image. These displacement �elds serve as maps that show how
individual points in the lower-resolution image have moved or shifted relative to a higher-resolution
reference image, helping us understand the spatial transformations occurring within the image. In
the context of registration, feature detection refers to the process of identifying and extracting
distinctive points or features from images that can be used to align or match corresponding points
between multiple images. As the input images in this study were PNGs of a single resolution level,
the lower-resolution image is obtained by resizing the whole slide image using libvips. Since the
images need to be as similar as possible for registration, VALIS applies a default method that adjusts
the hue and colorfulness of each image, making them more comparable. Ensuring image similarity
is crucial for the registration process because it allows VALIS to align and analyze corresponding
features accurately across multiple images.This is achieved by converting the RGB image to a
speci�c color space, performing transformations to manipulate the hue and colorfulness components,
and converting back to RGB. This is important because if the images are signi�cantly dissimilar,
challenges can arise, including the misalignment of features and reduced accuracy in spatial analysis.
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Once these steps are completed, VALIS performs rigid registration by aligning a large set of
images through feature-based algorithms. It uses hierarchical clustering to establish the alignment
sequence, ensuring similar images are placed together. If the image order is known, this step can be
skipped. During the serial alignment process of VALIS image registration, a reference image is used
for alignment, with the central image as the default if no reference image is provided. Common
features between neighboring images are detected, and a transformation is applied to align each
image with the reference, this process continues iteratively throughout the complete dataset.

Optionally non-rigid registration can be performed after the rigid registration has �nished. Perform-
ing rigid registration before non-rigid registration ensures that the images are somewhat aligned,
which is required for non-rigid registration methods. For this, the images are aligned towards
the center image in the series. This process involves constructing displacement �elds that adjust
the images locally for better alignment. Once the transformation parameters are determined, the
full-resolution images are warped using libvips.

The warped images can be saved as OME-TIFF �les, which preserve the metadata if the original
images contained this. OME-TIFF stands for Open Microscopy Environment Tagged Image File
Format. It is a �le format speci�cally designed for storing and exchanging microscopy imaging
data. OME-TIFF combines the advantages of the TIFF �le format with the ability to store rich
metadata associated with the images (Leigh et al., 2016).

Figure 3: The VALIS alignment pipeline for slide image processing and registration. Slide images
are converted, processed, and matched for feature detection. If the order is not known, the images
are then ordered based on similarity and registered serially using rigid and optional non-rigid
transformations. Processed images are overlaid to visualize registration results. Finally, the aligned
slides are warped and saved as OME-TIFF. Sourced from paper introducing the VALIS software
(Gatenbee et al., 2021).
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3.3.2 Registration Error

In the �eld of image registration there are a few di�erent types of error measures(Fitzpatrick,
West, & Maurer, 1998). In the VALIS software one error measure is given to quantify the error of
the registration, this measure is called Target Registration Error (TRE). The TRE of a point is
the distance between that point and the corresponding point in the other space after registration
has been performed(Wodzinski & M•uller, 2021). Typically the average of the TRE for all features
found in an image during registration is averaged. In order to make the errors comparable when
dealing with image pairs of varying resolutions, the TRE is standardized by dividing it by the
diagonal of the image, when this is done it will be called rTRE.

rTRE =
TRE

p
w2 + h2

(3)

In Equation 3, TRE denotes the target registration error, thew the image width and theh denotes
the image height (Wodzinski & M•uller, 2021).

3.3.3 Simultaneous Registration of Images

For the �rst registration attempt, all the selected preprocessed images were used as input for the
automated VALIS pipeline. The registration process within VALIS started with a rigid registration
step. This step involved applying translations and rotations to align the images based on global
geometric changes. Following the rigid registration, a non-rigid registration was performed within
the VALIS pipeline. This step aimed to further re�ne the alignment by allowing for deformable
transformations that could account for local variations within the images. The output of the
registration process was a set of non-rigidly registered images in the OME.TIFF format. These
registered images represented the result of the combined rigid and non-rigid transformations,
ensuring the alignment of features and structures within the images. As this experiment did not
yield the desired results, di�erent approaches were taken to attempt to improve these results.

3.3.4 Group-wise Registration of Images

The second approach aimed to improve the similarity among the images before their simultaneous
registration, in an attempt to improve the �nal result of the registration. To accomplish this, the
dataset was divided into seven distinct groups, with each group containing approximately 20-30
images. The exact number of images varied based on the removal of faulty images during the
preprocessing stage. Notably, each group, except for the �rst one, included an additional set of
�ve images. These additional images constituted the last few images within the range that had
been registered in the preceding group. The intention of incorporating this overlap was to create
a more gradual transition between the registered images of consecutive groups, contributing to a
more cohesive and continuous alignment throughout the dataset.

After the registration of the �rst seven groups, the registered images were divided into two
new distinct groups. One of these contained 84 and the other 85 images, these groups underwent
individual registration processes. Additionally, the second of these two groups also contained the
last 10 registered images from the �rst group, as the images are still ordered in these groups. This
was again done with the intention of creating a more gradual overlap between the groups.
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This process was repeated, di�ering themaxprocessed image dim px parameter, which determines
the image size used to �nd the rigid registration parameters. The choice of using the 850px value
was driven by its status as the default parameter within VALIS. Moreover, a higher value of 2000px
was deliberately selected to accommodate more intricate image details during the registration
parameter calculation process, at the expense of extended runtime. To create the 3D reconstruction,
the registration results achieved with a larger value of 2000px were selected since these results had
the lowest tTRE value. After completing the grouped registration process, the images obtained
were used to do a registration of the total dataset. The images resulting from this �nal registration
can then be used to create the 3D reconstruction of elements within the serial sections, speci�cally
the granulomas.

3.4 3D Reconstruction

The 3D reconstruction process involved several steps and specialized software called TDR-3Dbase
(Baldock, Verbeek, & Vonesch, 1997). Since TDR-3Dbase only supports PNG or BMP image formats,
the registered serial sections were converted from OME.TIFF to PNG format. This conversion was
done using the libvips library.

In the TDR-3DBase system, a digitizer tablet was used to generate contour models of struc-
tures from each serial section. These contours were stored in a geometric database, allowing
conversion into various geometric representations. The TDR-3Dbase had an input module for
contour tasks and a module for alternative geometric manipulations. An input session involved
establishing a structural and geometric database. The digitizer tablet was used for contour creation
in each section. By stacking these contours, a 3D structure was constructed. Important to note is
that a selection of serial sections was made after image cropping. For the 3D reconstruction sections
of insu�cient quality were substituted with duplicates of the preceding serial section, guaranteeing
the preservation of the correct stack height for the 3D reconstruction. This process helped ensure
the accuracy of the �nal reconstructed model.

In this research, a 3D reconstruction was performed to visualize and analyze the granulomas
within the zebra�sh. To facilitate error correction, individual granulomas were annotated and
treated as distinct structures during the annotation process. This approach allowed for targeted and
speci�c adjustments, making the overall error correction more manageable and e�cient. Additionally,
the ribs, spine, and intestines were reconstructed in 3D to provide spatial reference points for the
granulomas. By reconstructing these additional structures in 3D, a �xed frame of reference can be
established within the zebra�sh's anatomy. This reference point helps in determining the position
of the granulomas more precisely. In Figure 4 the interface of the TDR-3Dbase software can be
seen. In the serial section currently displayed the granulomas have a red contour drawn around
them, and the ribs have a green contour drawn around them.

15



Figure 4: The TDR-3Dbase software interface used for 3D reconstruction of the granulomas,
intestines, ribs, and spine of the zebra�sh. In this image, one of the serial sections can be seen with
red contours drawn around the granulomas, cyan around the intestines, and green around the ribs.

3.5 Analysis with Segmentation Network

In our quest to identify granulomas, we employed a deep neural network. Speci�cally, our choice
was the U-Net model, renowned for its segmentation capabilities. The U-net model used features
�ve hierarchical "
oors" In the context of the U-Net model, the term "
oors" refers to the distinct
hierarchical levels within the neural network architecture. The network contains a total of 7,774,049
parameters. Among these parameters, 7,767,779 were trainable, with the remaining 6,848 being
non-trainable. The model architecture, depicted in Figure 5, involved a sequence of convolutional
layers, batch normalization, and activation functions (Buda, Saha, & Mazurowski, 2019).

The U-Net architecture begins with an input layer, and it consists of blocks that progressively
downsample the input image while increasing the number of �lters. Each block comprises two 3x3
convolutional layers, followed by batch normalization and Recti�ed Linear Unit (ReLU) activation
functions. The ReLU activation function is a mathematical function used in neural networks that
outputs zero for negative input values and passes positive input values directly. This design allows
for e�cient feature extraction, crucial for accurate segmentation. To re�ne the segmentation and
perform upsampling, transpose convolutional layers (deconvolutional layers) are used. These layers
gradually upsample the feature maps and are concatenated with corresponding block outputs
from the downsampling path. Each upsampling block consists of a transpose convolutional layer,
followed by batch normalization and ReLU activation, progressively restoring the resolution of
the feature maps. The upsampling process is repeated four times to achieve precise segmenta-
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tion by restoring the resolution. Finally, a 3x3 convolutional layer with a sigmoid activation
function is applied to generate the segmentation output. The resulting output is represented as a
binary mask, where pixel intensities indicate the likelihood of belonging to the segmented granuloma.

For model training, the Adam optimizer with a learning rate of 0:005 is used, along with a binary
cross-entropy loss function, which is well-suited for binary segmentation tasks. In addition to that,
during the training process, metrics such as mean squared error (MSE) and accuracy are computed
to monitor and evaluate the model's performance e�ectively. These metrics serve as valuable in-
dicators of how well the network is learning to identify and segment granulomas in the serial sections.

Figure 5: Architecture of U-net model used for segmentation (Buda et al., 2019).

A crucial phase in deploying the neural network was its training process, where it was exposed to
annotated serial sections. During the creation of the 3D reconstruction, manual contouring was
performed around the granulomas present in each section. These contours served as annotations,
providing the network with labeled data for the granulomas. With this annotated dataset, the
neural network could learn the distinctive features of granulomas and gain the ability to accurately
detect and analyze similar structures in new, unseen data. The network underwent training for 100
epochs, using a dataset consisting of 92 images, which was only half of the available images, this
allowed for the other half to be used in validation and testing. Figure 6 provides a depiction of the
training input. Figure 6a displays only the labels of the granulomas, while Figure 6b shows the
labels overlaid on the original serial section. Once trained, the neural network should be able to
recognize granulomas even in unlabeled data.
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(a) Labels for granulomas (b) Labels overlaid on registered serial section

Figure 6: Training input for granuloma detection segmentation network. The neural network was
trained using registered serial sections with manual contouring around granulomas, providing
annotated data for learning distinctive features. The labels are shown (a), as well as the labels
overlaid on the original serial section (b).
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4 Results

Understanding the intricate nature of zebra�sh granulomas within Whole Slide Images (WSIs) is
paramount in advancing our comprehension of granuloma biology, driving the development of an
e�cient and precise work
ow presented in this thesis. This thesis introduces a complete work
ow
for analyzing zebra�sh granulomas in WSIs. The work
ow includes several key steps, including
preprocessing of the WSIs, sequential registration, and 3D reconstruction of granulomas. In addition
to this, a segmentation neural network was trained to recognize the granulomas, enabling automated
granuloma detection in WSIs. This approach not only enhances understanding of granuloma biology
but also establishes a valuable protocol for future research to analyze zebra�sh granulomas e�ciently
and accurately.

4.1 Work
ow

Figure 7 presents an in-depth depiction of the comprehensive work
ow, showcasing the primary
outcome of this research. The work
ow is structured into four distinct protocols, each designed for
speci�c steps within the process:

1. Preprocessing
To isolate individual serial sections, the original images, containing two sections each, were
cropped. Subsequently, any images deemed to be of insu�cient quality were discarded from
the dataset.

2. Registration
The cropped images were non-rigidly registered using the VALIS automated pipeline. This
process involved registering the images individually within speci�c groups and subsequently
aligning the resulting registered images from each group together.

3. 3D Reconstruction
After registering the images, a 3D reconstruction was generated using the registered data.
For the granulomas, a contour was drawn around the structures present in each serial section.
By stacking these annotated contours, a 3D reconstruction of the granulomas was created.
This reconstruction could be displayed in various views, one with simply the stacked contours,
another with stacked �lled contours, and a third with a triangulated continuous surface.
Similarly, the same process was applied to the spine, ribs, and intestines, using them as spatial
reference points for more precise localization of the granulomas.

4. Segmentation Network
Finally, the contours drawn to create the 3D reconstruction of the granulomas were utilized as
labels for training a U-net segmentation network. This network is designed to recognize and
segment granulomas in unlabeled pictures, enabling automated detection and identi�cation.

In the upcoming sections, a more detailed description of the results achieved through the implemen-
tation of this work
ow will be presented. The outcome of each individual protocol will be examined,
providing insights into the e�ectiveness and success of the approach.
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