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A B S T R A C T

Living organisms are striking in their complexity at all levels of organization.
No one single analytical method can capture all the information necessary
to provide comprehensive knowledge about the cellular processes. The rapid
development of new technologies for biological imaging and single cell anal-
ysis gives an opportunity to measure different aspects of the living systems
at single-cell resolution. Combining these diverse data types can lead to an in-
sight that would not have been possible if each modality were to be considered
separately. However, there is no general recipe for a successful multimodal
analysis project and it remains challenging to both keep high data quality and
establish a reliable way to find correspondence between the two data types.
In this thesis I show two different examples of combining different imaging
modalities.

Firstly, I demonstrate how, making use of the stereotypical development
of the marine worm Platynereis dumerilii, I developed fully automated deep-
learning based registration pipeline that allowed to map multiple 3D smFISH
datasets to the EM image stack of a whole body 6-days post fertilization larva
of the animal with near single-cell accuracy. Automated registration enables
systematic study of the connection between cell-type specific gene expression
and cell phenotype.

In the second project I combined imaging mass spectrometry for spatially-
resolved detection of 13C6-glucose-derived fatty acids in cellular lipids with
microscopy and computational methods for data integration and analysis. I
validated this method on a spatially-heterogeneous normoxia-hypoxia model
of liver cancer cells. I demonstrated the single-cell heterogeneity of acetyl-CoA
pool labelling degree upon ACLY knockdown that would be impossible to
detect with bulk analysis.

Segmentation of matching objects in different modalities is a crucial step
in multimodal image analysis. Transferable and easy to train segmentation
of large biological images with neural networks remains challenging. In the
final part of my thesis I show how feature normalization inside the neural
network can lead to tiling artifacts or suboptimal performance, and propose a
normalization strategy for successfully eliminating the artifacts while keeping
high segmentation accuracy.
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Z U S A M M E N FA S S U N G

Lebende Organismen zeichnen sich durch ihre Komplexität auf allen Organisa-
tionsebenen aus. Keine einzelne analytische Methode kann alle Informationen
erfassen, die für ein umfassendes Verständnis zellulärer Prozesse erforderlich
sind. Die rasante Entwicklung neuer Technologien für biologische Bildgebung
und Einzelzellanalyse bietet die Möglichkeit, verschiedene Aspekte lebender
Systeme mit Einzelzellauflösung zu messen. Die Kombination dieser unter-
schiedlichen Datentypen kann zu Erkenntnissen führen, die bei isolierter Be-
trachtung jeder Modalität nicht möglich wären. Allerdings gibt es kein allge-
meines Protokoll für erfolgreiche multimodale Analysen, und es bleibt eine
Herausforderung, sowohl eine hohe Datenqualität sicherzustellen als auch
eine zuverlässige Methode zur Verknüpfung der Datentypen zu etablieren. In
dieser Arbeit zeige ich zwei verschiedene Beispiele für die Kombination unter-
schiedlicher Bildgebungsmodalitäten.

Zunächst zeige ich, wie ich – unter Ausnutzung der stereotypen Entwick-
lung des Meereswurms Platynereis dumerilii – eine vollständig automatisierte,
auf Deep Learning basierende Registrierungs-Pipeline entwickelt habe. Diese
ermöglichte es mir, mehrere 3D-smFISH-Datensätze mit nahezu Einzelzellau-
flösung auf den EM-Bildstapel einer ganzen, 6 Tage nach der Befruchtung
aufgenommenen Larve abzubilden. Die automatisierte Registrierung er-
möglicht eine systematische Untersuchung des Zusammenhangs zwischen
zelltypspezifischer Genexpression und Zellphänotyp.

Im zweiten Projekt kombinierte ich bildgebende Massenspektrometrie
– zur räumlich aufgelösten Detektion von aus 13C6-Glukose stammenden
Fettsäuren in Zelllipiden – mit Mikroskopie und rechnergestützten Methoden
zur Datenintegration und -analyse. Ich validierte diese Methode an einem
räumlich heterogenen Normoxie-Hypoxie-Modell von Leberkrebszellen.
Ich konnte die Einzelzell-Heterogenität des Acetyl-CoA-Pools nach ACLY-
Knockdown nachweisen – ein Effekt, der mit Durchschnittsanalyse nicht
erfassbar wäre.

Die Segmentierung korrespondierender Objekte in verschiedenen Modal-
itäten ist ein entscheidender Schritt in der multimodalen Bildanalyse. Eine
übertragbare und einfach zu trainierende Segmentierung großer biologischer
Bilder mit neuronalen Netzwerken bleibt eine Herausforderung. Im letzten
Teil meiner Arbeit zeige ich, wie Feature-Normalisierung innerhalb des
neuronalen Netzwerks zu Blockartefakten oder suboptimaler Leistung führen
kann, und präsentiere eine Normalisierungsstrategie, die diese Artefakte
erfolgreich beseitigt und gleichzeitig eine hohe Segmentierungsgenauigkeit
beibehält.
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Insanity is doing the same thing over and over again
and expecting different results.

— Unknown thinker
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Part I

F I E L D O V E RV I E W A N D R E S E A R C H C O N T E X T





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

Understanding the mechanisms underlying biological processes requires care-
ful comparison and analysis of evidence coming from different analytical tech-
niques. Traditionally orthogonal methods are applied independently to differ-
ent samples and then the results of different experiments are brought together
to form a comprehensive answer to the research question. In such setup the
synthesis of different modalities happens at the level of conclusions. A differ-
ent, more challenging approach to the analysis of complementary data is to
correlate the modalities at the level of raw data, creating a richer representa-
tion of the studied objects before drawing final conclusions about them.

Multimodal and correlative workflows consist of two parts: performing the
experiment with each of the analytical techniques, which often have contradic-
tory requirements for sample preparation, and establishing correspondence
between the entities across the modalities. Due to the necessity to register im-
ages or find matching objects the correlative workflows almost always have
an indispensable computational component. Recent advances in experimental
techniques enabled multimodal and correlative workflows in bioimaging and
single cell domains, however, the particular methods of registration and aggre-
gation of different data types vary vastly depending on the specific limitations
imposed by the handling of the biological sample, compatibility of different
experimental methods and the research question. Let us look at the examples
of correlative workflows to see how registration and integration methods are
tailored to the demands of each particular project.

1.1 examples of correlative workflows

One of the widespread examples of the correlative workflows is correlative
light and electron microscopy which combines the ability of the fluorescence
microscopy to specifically image the molecules of interest with the high reso-
lution of electron microscopy, making it an crucial approach for cell biology.
A lot of effort has been made to develop sample preparation protocols that
would allow to perform light and electron microscopy on the same sample, for
example, [2–4].

Fluorescence microscopy can help to find the rare event in the sample for fur-
ther high-resolution imaging with EM. For example, Focused Ion Beam Scan-
ning Electron Microscopy (FIB-SEM) produces datasets with near-isotropic res-
olution down to 2 nm per pixel and the sizes of imaged volumes at the order
of magnitude of 100 µ m3. Even though it is a relatively large field of view,
it still constitutes only a part of the biological sample, so precise targeting for
the biologically interesting regions of interest (ROI) is crucial. Such targeting
can be performed using fluorescence microscopy following a number of correl-
ative light and electron microscopy (CLEM) workflows, for example [5]. In this
kind of workflows the whole sample is first imaged comparatively quickly at

3
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a lower spatial resolution with some type of fluorescence microscopy and then
ROIs for slower and higher-resolution FIB-SEM imaging are chosen based on
the fluorescent markers. As a result, the high-resolution FIB-SEM volume im-
age and low-resolution fluorescence volume image of the same biological sam-
ple are acquired. After rigid registration the fluorescent signal can be viewed
as rough, inexact ground truth for segmentation of the structures of interest in
the vEM data.

Using both modalities together requires placing the fluorescence image and
electron microscopy in the same coordinates. A simple overlay of the data can
be done in many different software, such as ecCLEM [6]. Unfortunately, in
many cases rough affine registration might not be enough to fully align two
modalities, so in some cases the location of the light signal does not corre-
spond to the location of the object of interest in EM. If minimizing warping
at the sample handling level is not possible, deformable registration can be
performed to create more accurate overlay.

The appearance of light and electron microscopy images is very different,
therefore registration requires detection of features which match between
modalities. There are several options for finding the matching points.

Firstly, registration can be done based on manual landmarks. For exam-
ple, in [7] manual landmarks and calculating thin plate spline transforma-
tion in BigWarp [8] allowed to accurately combine cryogenic super-resolution
fluorescence microscopy and focused ion beam milling scanning electron mi-
croscopy to visualize protein-ultrastructure relationships in three dimensions
(3D) across whole cells. However, manual landmark detection can be slow and
subjective.

To avoid the time-consuming process of manual registration, special fiducial
nanoparticles which are both fluorescent and visible in electron microscopy
can be added to the sample to enable registration, such as in [9]. Although ar-
tificial fiducials provide a fast way to detect poits for alignment, there are two
causes for concern. Optimal registration quality is reached when the fiducials
are uniformly distributed throughout the sample, as the deformation field can
only be accurately estimated in the area close to the control points. The pen-
etration of the nanoparticles in the sample can be uneven, resulting in areas
where no features are available for registration. Another consideration against
this method, which is much harder to quantify, is that adding nanoparticles
can interfere with the process or cellular structure of interest.

Finally, natural features of the sample can be used to find correspondence
between light and electron microscopy. For instance, [10] uses lipid droplets for
alignment as they are easily identifiable in both modalities. For complicated
approach involves automated segmentation as a source of landmarks. In [11]
mitochondria segmentation was used to perform automated deformable reg-
istration in Elastix [12]. CLEMreg [13], a tool for automated CLEM, also uses
automated segmentation of mitochondria but instead of aligning light and EM
segmentations it utilizes point cloud based registration. This is a promising
method as it does not require adding any modifications to the sample but
the segmentation can be a bottleneck as acquiring ground truth and training
a segmentation model can be more tedious and time-consuming than provid-
ing manual registration landmarks. In addition, finding the feature which is
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visible in EM, can be labeled in fluorescent microscopy and is spread evenly
throughout the sample to ensure uniform registration quality can be challeng-
ing.

1.2 examples of multimodal integration

Another field in which using different modalities together has been investi-
gated in depth is single-cell data analysis. Various single-cell data modalities
can be roughly divided into spatial and non-spatial.

In non-spatial modalities called "omics" the sample is first dissociated into
separate cells after which the measurements are conducted for each cell inde-
pendently, providing a vector of values. The most widespread single-cell data
type is scRNAseq which measures gene expression. A large variety of single-
cell protocols has been developed to address different research questions and
handle different types of samples, enabling researches to measure chromatin
accessibility, DNA methylation, proteomics profiles, immune receptor reper-
toire and other characteristics of the cells [14].

In spatial modalities ("spatial omics") [15] the measurements are made at
single-cell or near single-cell resolution while keeping the spatial context of
the sample. This can be achieved either by probing a thin slice of the sample
in a grid fashion, such as with Visium platform for spatial transcriptomics,
or by microscopy, for example, with MERFISH [16], a transcriptomics method
based on consecutive staining and washing cycles and fluorescence in situ
hybridization.

All of these data types share a common feature: the measurements at single-
cell level are very sparse and noisy. Each separate cell contains very small
amount of material, making it difficult to detect signal even with methods that
involve amplification. Sparse matrices with a lot of zeros are characteristic
of single-cell data in all modalities. Another reason for high noise level is
stochastic differences between cells. Even in a very homogeneous cell culture
all cells do not have exactly the same level of gene expression [17]. Usually the
goal of single-cell analysis is to discover groups of cells which would otherwise
be lost in the bulk experiment, therefore single-cell expression vectors are used
for automated clustering. Averaging expression vectors over a group of cells
reduces the noise and allows to compare cell types.

Multi-omics data integration [18] refers to joint analysis of single-cell data
acquired using different modalities applied to different samples with the goal
of mapping all datasets and modalities into a shared space to enrich the single-
cell representations and interpret data in a larger context.

One example of multi-omics integration task is the integration of spatial
transcriptomics with non-spatial scRNAseq [19]. Spatial transcriptomics pro-
vides information about the proximity of cells and tissue organization but
measures only a subset of genes while the scRNAseq atlas of the same tissue
has more robust verified cell type annotations. In this task both modalities
share the variable space, meaning that the correspondence between features
is known, making it is possible to calculate the probability that each spatial
measurement comes from a certain scRNAseq cell type. There exists a vari-
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ety of computational methods solving this task by using correlation analysis,
Bayesian statistics or deep learning.

An important difference of multimodal integration from correlative imag-
ing workflows is that in most cases complementary data does not come from
the exact same sample, so the goal of the analysis is to find similarity in the
structure of the datasets in a shared feature space or discover correspondence
between features that would allow to match cell types.

1.3 methods for matching and registration

Multimodal and correlative workflows rely on computational methods for the
alignment of data from different modalities.

Image registration is a diverse group of algorithms which aim to overlay
two input images in a way that maximizes their similarity. Usually one image
remains fixed. It is used as a template for registration of the moving image.
The algorithm finds a transformation that would match the images.

Transformation can be parametrized in different ways depending on the ex-
pected difference between images. Affine transformation includes translation,
rotation, scaling ans sheer. In many cases rigid transform (translation + rota-
tion, 6 parameters in 3D space) or similarity transform (translation + rotation
+ scaling, 9 parameters in 3D space) is enough to roughly align the images.
These transformations have small number of parameters so in principle find-
ing just a few matching landmarks is enough to estimate the transformation
parameters.

If parts of the sample moved with respect to each other between the imaging
rounds, affine or rigid transforms become insufficient for accurate alignment.
For example, if the sample was imaged with light microscopy and then un-
derwent sample preparation for electron microscopy, it becomes warped from
interaction with buffer and physical handling, so the electron microscopy does
not perfectly match the light microscopy. In such cases deformable registration
is applied to compensate for relative movement. Deformable registration finds
displacement of different points in the sample. A widely used and general way
to parametrize a deformable transformation is splines [20]. With splines the
displacements are estimated for a set of so-called control points in the image
and the displacement between control points is approximated by the spline
function. With B-Splines control points are arranged in a regular grid while
with thin-plate splines control points can have arbitrary locations. Varying the
number of control points and applying different constraints on the splines al-
lows to regulate the flexibility and number of parameters of the transform,
making splines an adaptable parametrization for deformable alignment.

The obvious way to register to images is to slide them with respect to each
other, checking the match quality at each displacement to find the best relative
orientation. Such procedure would provide global registration, however, it is
very slow and not feasible for most practical image sizes. Fourier-based regis-
tration [21] makes use of the convolution theorem and Fast Fourier Transform
to speed up normalized correlation coefficient. Modifications of this algorithm
allow to take the rotation angle into account [22].
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Figure 1: MASt3R predicts dense correspondences, even in regions where camera mo-
tion significantly degrades the visual similarity. Reproduced from [24].

Even with FFT, direct calculation of the exact correlation is not feasible for
large images, especially for 3D data. Popular framework for intensity-based
registration Elastix [12] solves this problem by estimating the correlation from
a fixed number of sampled positions instead of calculating full transformation
of the moving image for every possible transformation. In Elastix the trans-
formation parameters are initialized as a center of mass alignment or iden-
tity transform, after which gradient descent is used to find the transformation
which would maximize correlation between images. Unlike registration with
cross-correlation, registration in Elastix is local, meaning that the final result
depends on the initialization.

Regardless of how the transformation parameters are found, registration
methods based on direct comparison of the pixel values share common disad-
vantages. Individual pixel values are often noisy which means that correlation
of the correctly registered images might not be very different from the back-
ground. Cross-correlation is known to have many peaks if the images have
repeating objects and choosing the correct peak can be non-trivial. Multireso-
lution registration and image smoothing are used to address this problem but
do not fully solve it [23]. Another problem is that intensity-based registration
has limited applicability in multimodal setting. Other metrics, such as Mutual
Information, were proposed in cases when modalities are relatively close, such
as in medical imaging [23].

Finding informative landmarks and matching them between images is an
alternative to intensity-based registration that has multiple advantages. Firstly,
even with a large number of landmarks, the matching is much faster than re-
sampling full images and calculating correlation coefficient. Using landmarks
allows to make use of prior information about the objects and is less prone to
getting stuck in local minima. The registration pipeline consists of 3 parts: iden-
tifying the landmarks, calculating point descriptors (vectors, which describe
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the properties of the landmarks and allow to determine if two landmarks look
similar) and finding a matching between points. In the end the transformation
parameters are estimated using the landmark pairs. Different algorithms can
be used for each of the three steps, giving rise to a large variety of registration
pipelines.

A classic example of landmark-based registration is Scale-invariant Feature
Transform (SIFT) [25]. In this algorithm landmarks and their descriptors are
found using a special kind of classic image filters. After that the correspon-
dence between points is found using Random Sample Consensus (RANSAC).

Despite many attempts Deep Learning has not been widely used in prac-
tice to directly estimate the transform parameters or deformation fields [26].
This can be attributed to the local nature of CNN features as well as the gra-
dient descent being a local optimization method while registration is inher-
ently a global optimization problem. However, neural networks are well-suited
for finding the informative landmarks and calculating meaningful descriptors
[24, 27–30] which, followed by combinatorial optimization methods for find-
ing point matching, yield impressive results in challenging registration tasks,
such as finding correspondence between photos of the same scene taken from
different camera angles (Figure 1).

This incomplete review shows that registration is a very diverse group of
concepts, algorithms, heuristics and practical tricks which draws inspiration
from all areas of mathematics and computer science. There is no single method
that can solve any image alignment problem and methods are often developed
for each particular problem based on general principles of computer vision
and optimization. The approach I consider the most promising, used through-
out this thesis, is to exploit excellent local prediction properties of DL and
combine them with global optimization for registration itself. While it is hard
to formulate the registration/point matching problem in a fully differentiable
way, detection of local landmarks - as an example of object detection - is a
classic problem of computer vision and can be successfully solved with DL.

1.4 thesis overview

In my PhD I worked on two projects, both of which involve multimodal image
analysis but deal with completely different modalities and make contribution
to different parts of the workflow.

1.4.1 Construction of Platynereis dumerilii multimodal gene expression atlas

The first part of the thesis describes the automated registration pipeline for
mapping gene expression data to the EM volume of Platinereis dumerilii to
enable systematic study of the connection between cell-type specific gene ex-
pression based on scRNAseq and cell phenotype. In this project I make use
of the stereotypic development of the organism to accurately correlate images
acquired for different individual animals.



1.4 thesis overview 9

1.4.2 Spatial single-cell isotope tracing

In my second project I extended an existing spatial single-cell metabolomics
method to study the utilization of different carbon sources at single-cell resolu-
tion. Developed technique relies on the all-ion fragmentation of the cell’s lipids
to overcome low sensitivity and specificity of the mass spectrometry imaging
and provide robust, easily interpretable readout of the cell’s metabolism.

1.4.3 Challenges of feature normalization in bioimage segmentation

As I show in the previous two chapters, automated segmentation is a cru-
cial step of the single-cell multimodal image analysis pipelines. Making deep
learning-based segmentation more reliable and easier to use would make au-
tomated cross-modal registration more easily available. In the last project I
investigated the causes of the tiling artifacts which appear in the predictions
of many publicly available segmentation methods. I discovered that the most
prominent reason for the artifacts is the feature normalization inside the neu-
ral network and proposed an alternative normalization strategy which takes
into account the differences between the biomedical image analysis domain
and natural images.





Part II

C O N S T R U C T I O N O F P L AT Y N E R E I S D U M E R I L I I
M U LT I M O D A L G E N E E X P R E S S I O N AT L A S

Contributions

• I developed registration pipeline and manually annotated
ground truth for spot detection

• Luca Santangeli tested the protocol for confocal data acquisi-
tion and acquired part of the samples

• Samuel Haury Parra acquired part of the confocal volumes

• Zülfiye Gülce Serka manually annotated ground truth for
training nuclei segmentation model

• Albert Dominguez Mantes trained a model for spot detection

• Qin Yu trained Stardist model for nuclei segmentation

• Adam Phillip Oel worked on scRNAseq atlas of 6 dpf P. dumer-
ilii





2
B A C K G R O U N D

2.1 platynereis dumerilii as a model organism

Platynereis dumerilii is a sea annelid which can be kept in the lab conditions.
It serves as a convenient model organism for evolutionary and developmen-
tal biology [31]. Larval development of P. dumerilii is synchronized between
individual animals until the late nectochaete stage (5-7 days post fertilization)
[32], making this time point especially interesting to study. At this stage the
larva already has about 11000 cells as well as many differentiated tissues and
cell types while remaining relatively small (300 µm by 100 µm). 6 days post
fertilization (6 dpf) embryos are amenable to various imaging techniques and
developmental synchronization enables researches to image different individ-
ual animals with different techniques and correlate the results.

Significant work has been done to characterize spatial gene expression in
different developmental stages of the P. dumerilii. In [33] the image analysis
pipeline called Profiling by Image Registration was used to create an average
template of the axonal scaffold of the Platynereis larval brain at 48 hpf using 36

different individual animals. Then samples with gene staining were registered
to the template. Multiple replicates were acquired for each gene, then the gene
signal was normalized and averaged across replicates to decrease the influence
of registration errors and individual variability on the final gene expression
probability map. Similarly, in [34] a reference template of nuclei staining was
created using 40 individual image stacks for 48 and 72 hpf larvae.

[35] introduced Profiling by Signal Probability Mapping (ProSPr) to create
an expression atlas for 6 dpf developmental stage. It was observed that "at this
more variable later stage with complex body features, the variability in posi-
tion of a single, uniquely identifiable cell is larger than the average cell radius,
in conflict with cellular resolution" making the registration significantly more
challenging than in [33, 34]. The average template of nuclei staining was gener-
ated using 153 individual animals and at least 12 samples per gene were nec-
essary to create the gene expression probability maps with the reliable overlap
between replicates. At least 20 replicates were imaged per gene, then DAPI
staining of each sample was aligned to the template DAPI using automated
registration procedure similar to [33, 34]. After that the gene signal was thresh-
olded semi-manually and the outliers whose expression did not sufficiently
match the average over 20 samples were manually removed, retaining at least
12 samples. This shows that intensity-based registration failed in about 40% of
cases. Necessity to introduce manual input compared to [33, 34] once again
highlights that at 6 dpf registration becomes very challenging. Another dis-
advantage of this approach is that manual thresholding introduces bias into
gene expression quantification, meaning that areas with less active expression
or areas which have worse registration quality might be omitted in the final
binary expression mask.

13
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In [36] full 6 pdf larva of P. dumerilii was imaged using SBEM at 10nm×
10nm× 25nm resolution. Nuclei and cells were automatically segmented and
then the ProSPr nuclei template was registered to the EM volume using nuclei
segmentation. Registration was done in Elastix, using a progression of registra-
tion steps highly tailored for this particular averaged nuclei probability map.
This work resulted in a multimodal atlas complementing the high resolution
cell morphology uncovered by electron microscopy with the gene expression
probability maps.

Further analysis of this EM volume in [37] led to the creation of MorphoFea-
tures: unsupervised method for the characterization of cell morphology. Mul-
timodal atlas proved to be a valuable resource for the interpretation and val-
idation of unsupervised analysis results, allowing to identify genetic markers
of morphological clusters.

2.2 integration of em and single cell rna sequencing via spa-
tial transcriptomics

Single-cell RNA sequencing (scRNAseq) is a technique that allows to interro-
gate the gene expression of individual cells, providing insight into heterogene-
ity of cells and allowing to discover new cell types. scRNAseq was applied to
annelids [38–40] and other trochophore larva [41] to study evolutionary and
developmental history of various cell types. scRNAseq measures the expres-
sion profiles of individual cells, however, this technique is not spatial. Spatial
expression of anchor genes acquired using Single Molecule Fluorescence in
Situ Hybridization (smFISH) [42] can serve as a bridge between scRNAseq
and electron microscopy, linking rich ultrustructural information with full ex-
pression profiles.

If spatial distribution of anchor genes’ expression could be accurately
mapped to cells in EM, it would be possible to construct expression profiles
of cells in EM and then use these truncated profiles based only on marker
genes to determine to which cluster in scRNAseq cluster this EM cell belongs,
allowing to complement marker gene expression with the full transcriptional
profile of the cluster. Such connection would allow to integrate gene expres-
sion information with MorphoFeatures, creating a unique multimodal atlas
for 6dpf larva of Platynereis dumerilii.

ProSPr gene expression atlas contains many genes and was already reg-
istered with EM volume, however, it has some drawbacks. Firstly, manual
thresholding makes the expression probability maps incomplete and some-
what subjective. Keeping signal in the areas with lower gene expression and
areas which are more challenging for registration would facilitate more accu-
rate automated scRNAseq cluster assignment. Secondly, newer staining proto-
cols and advances in confocal imaging allow to acquire spatial transcriptomics
data of better quality, making it possible to match individual nuclei avoiding
the averaging. Lastly, with the manual input and 20 replicates necessary to
achieve near-single-cell resolution, adding new genes to the atlas is very te-
dious.

All these factors led to the development of new registration pipeline, aiming
to fully automatically map smFISH datasets to EM with single-cell resolution.
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2.3 creation of atlas based on stereotypic development

The most widely used stereotypic model organism is C elegans. The C. elegans
nervous system consists of 302 neurons located in 11 ganglia throughout the
body of the worm. Whole-brain imaging and molecular profiling are used to
study nervous system development and brain function. Exact identification of
each neuron’s identity is a major challenge for correct interpretation of all the
various data types. Despite being highly stereotypical, the neurons have some
variability in location [43] making cell identification based solely on the spa-
tial location hard or, in some cases, impossible. Experimentally, many methods
were designed to aid matching neurons to the atlas, for example, [44]. Com-
putationally, cell matching pipeline starts with instance segmentation of the
nuclei, after which the nuclei from different samples are matched either to
the common atlas or to each other, such as in [45, 46]. Matching can be based
only on the relative distances or use other features such as nuclei shapes and
fluorescence signal.

2.4 registration pipeline outline

Aim:
Automatically map gene expression data to the EM volume to enable system-

atic study of the connection between cell-type specific gene expression based
on scRNAseq and cell phenotype

Requirements:

• Up to 5 replicates per gene

• Single-cell registration accuracy

• No manual input

To address these challenging requirements, instead of the averaging used
in [33–35] I chose the strategy similar to the neuron identification in C ele-
gans. Firstly, I perform automated instance segmentation of nuclei in confocal
microscopy. Then segmented nuclei from each of the confocal volumes are
matched to the instance nuclei segmentation of EM volume which plays a role
of the registration template.

In Chapter 3 all parts of the registration pipeline are discussed in detail.
Registration quality assessment and showcase of the mapped gene signal are
presented in Chapter 4





3
R E G I S T R AT I O N P I P E L I N E VA L I D AT I O N

3.1 description of input data

• Electron microscopy volume

Resolution: 10 × 10 × 25 nm. The raw EM data is only used for final
visualization and does not take part in registration.

• Nuclei segmentation in electron microscopy

Nuclei segmentation of EM data was downsampled to 0.32 × 0.32 ×
0.32 µm and used as a template for the registration of confocal volumes.
Final registered volumes were

• Confocal volumes: dorsal and ventral views

Resolution: 0.5× 0.13× 0.13 µm.

Channels: DAPI (nuclei staining) and 1 or 2 channels with gene statining.

Only DAPI channel was used for registration. Final transformation was
applied to the gene channels.

Due to significant anisotropy and large size of the images after spot de-
tection and segmentation further registration to EM and visualization is
done at 0.32× 0.32× 0.32 µm.

• Metadata table

Metadata includes gene names, resolution and channel order.

3.2 pre-alignment : global registration based on svd

Input samples can be oriented randomly, for example, the sample in the ven-
tral view can be rotated by 180◦ degrees in XY plane which poses significant
difficulty for intensity-based registration algorithms. The first step of the reg-
istration pipeline aims to perform rough global registration to make sure that
all samples have enough overlap to ensure consistent convergence of intensity-
based registration using Elastix [12]. The elongated body of the worm has
clearly distinguishable anteroposterior, dorsoventral and left-right axes, mak-
ing it possible to use Singular Value Decomposition to find the body axes and
orient them along the orthogonal basis of the common coordinate space.

SVD is often used for image alignment, for example, alignment of principal
axes of two point clouds underlies the classic Iterative Closest Point algorithm
[47]. In this case a modified version of the SVD-based alignment was used to
avoid resampling the images.

1. Foreground segmentation

DAPI channel was normalized using quantile normalization between 0

and 0.99 quantiles. Then the volumes were downsampled by the factor

17
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(a) Maximum projection of the input sam-
ple

(b) Maximum projection of the pre-aligned
sample

Figure 2: Input and final result of the pre-alignment.

of 10 and smoothed with a Gaussian filter with σ = 3 and thresholded to
obtain an approximate foreground segmentation. n = 10000 points were
sampled from the foreground mask resulting in the point cloud repre-
senting the sample. Coordinates of pixels belonging to the segmented
region in the image:

pi = (xi,yi, zi) : 1 = 1, ...,n (1)

2. SVD

First the point cloud was centered:

Pi = (xi −

n∑
i=1

xi,yi −

n∑
i=1

yi, zi −
n∑

i=1

zi) : 1 = 1, ...,n (2)

Then SVD was applied to the resulting point cloud:

SVD(P) = UΣVT (3)

3. Translation and rotation of the image in XY plane

Rotation angle α in XY plane around the center of mass was determined
using matrix VT :

α = 90− arctan2(VT [0, 1],VT [0, 0]) (4)

Here arctan2 is the signed angle between the ray from the origin and
passing through the point (1,0), and the ray from the origin through the
point (x2, x1).
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Figure 3: Rotation of the point cloud based on the principle axes. Left: maximum
projection of the point cloud corresponding to the input image. Right: the
same point cloud, rotated with the matrix V .

4. Orienting the head of the animal with maximum intensity

projection

To ensure that the head of the animal is always facing towards the nega-
tive direction of the Y axis, the maximum projection on Y axis was taken.
The head of the animal has higher cell density than the rest of the body,
so if the maximum of intensity was further from the origin than the cen-
ter of the image, the image was flipped along Y.

This heuristic procedure ensured that all samples are pre-aligned enough
both for the registration of the confocal views and for further registration with
the EM template while having the orientation that is convenient for quality
control within the pipeline: dorsoventral axis along Z, anteroposterior axis
along Y and left-right axis along X.

3.3 view merging

In fluorescence microscopy, the illumination as well as the detected light is
subject to scattering in biological tissues, limiting the penetration depth of the
imaging. Decreasing signal intensity makes automated segmentation and spot
detection much more challenging and leads to the loss of gene expression in-
formation. In addition, in Platynereis embryo samples the scattering depends
on the orientation of the embryo with respect to imaging plane.

Various techniques such as multiphoton imaging [48] and tissue clearing [49]
have been developed to circumvent this limitation. In this project taking into
account the available equipment and protocol multiview confocal imaging was
used to compensate for the loss of signal. In multiview imaging the sample is
imaged from different angles to increase the signal to noise ratio and achieve
isotropic resolution [50].
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Figure 4: Merging of the confocal views. Ventral view (in cyan) and dorsal view (in
red) are shown after rigid and deformable registration. Composite volume
shows the final result of merging.

The larvae was mounted between two coverslips which allowed to scan it
from one side, then physically rotate the slide and image the larvae again, pro-
ducing dorsal and ventral views (Fig. 4). After that the views were registered
in two steps and merged:

• Rigid alignment

Pre-aligned images were registered using Euler transform in Elastix [12].
Firstly, the registration was done using mutual information metric with 5

levels in the image pyramid schedule (64, 32, 8, 4 and 1) and 20000 spatial
samples. In the second step rigid registration was done using normalized
correlation coefficient using 5 levels in the image pyramid schedule (16, 8,
4, 2 and 1) and 50000 spatial samples for metric and gradient estimation.

• Deformable alignment

Due to small deformations resulting from the sample handling between
the acquisition of the views it was not possible to fully register two views
using only rigid registration. Elastix B-Spline deformable registration
was used as the last registration step. The metric consisted of normal-
ized correlation, mutual information and rigidity penalty with the cor-
responding weights of 1, 1 and 100. Registration was performed in one
step at the original resolution with the final grid spacing of 64 voxels
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Figure 5: Comparison of intensity profiles of DAPI signal in ventral (cyan) and dorsal
(red) views and in the composite volume (black). Each line shows the sum of
the signal over the whole Z frame. In some frames the composite volume has
higher total signal than either view, demonstrating that the merging utilizes
the areas of higher signal rather than performing merging based purely on
the coordinate.

in X and Y directions and 16 voxels in Z direction using 100000 spatial
samples for metric and gradient estimation.

• Creating composite volume

Small inaccuracy in registration of two views can cause duplication of
the spots and make nuclei segmentation more difficult, therefore instead
of directly averaging the registered views, the composite volume was
constructed. DAPI channel of both registered images was smoothed with
gaussian with kernel size of (10, 20, 20) (ZYX). Then the volume was split
into the areas where one of the smoothed views had higher intensity
than the other and this mask was used to create a weighted average of
the views (Fig. 4). This merging procedure allowed to use images even
in case they did not match perfectly while preserving as much of the
original signal as possible without introducing merging artifacts, as seen
in the intensity profiles of the samples in Fig. 5.
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Figure 6: Ground truth annotation for segmentatation, ROI1.

3.4 segmentation

3.4.1 Problem description

Finding matching landmarks between images is a crucial step of cross-modal
registration, especially if the modalities have as different appearance as con-
focal and electron microscopy. Nuclei segmentation is an obvious choice for
recognizing matching objects these modalities.

Nuclei are clearly visible in electron microscopy and for the EM volume of
Platynereis instance segmentation was performed earlier [36] using a combina-
tion of deep learning semantic segmentation and graph partitioning method
called multicut [51]. In confocal microscopy DAPI staining is a reliable and
widely used technique for imaging nuclei. However, registration of raw DAPI
signal with semantic segmentation from EM is challenging due to variations
in intensity and the fact that individual animals do not necessarily match cell
to cell, making pixel-wise correspondence of intensities not possible.

To achieve accurate cell-to-cell matching it is necessary to perform accurate
instance nuclei segmentation in confocal volumes. Nuclei segmentation in flu-
orescence microscopy is a well-studied problem with a multitude of methods
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Figure 7: Ground truth annotation for segmentatation, ROI2.

already developed, for example, Cellpose [52] and Stardist [53] are popular
tools distributed together with pretrained models. However, segmentation of
this data posed multiple challenges:

• 3D segmentation

Due to lack of publicly available annotated 3D datasets, a lot of methods
focus on segmentation of 2D images. 3D segmentation is achieved
through heuristic-based methods. For example, Cellpose 3D approx-
imates 3D flows using predictions of a 2D network. Another option
is to perform segmentation in each Z slice individually and then use
hungarian matching or tracking to connect instances between slices
[54]. However, in this data the main difficulty is correctly splitting
objects in Z which is impossible without taking into account 3D context.
For this reason only tools which employ 3D networks and perform
postprocessing in 3D were considered.

• Variety of nuclei shapes within one dataset

Instance segmentation methods have a postprocessing step which con-
verts network predictions to separate objects. This postprocessing as-
sumes that the objects should have a particular size or shape. For ex-
ample, Stardist uses star-convex objects, which means that this method
can only recognize blob-like objects. Multicut is more flexible and can be
adjusted to segment different types of objects, however, only one type can
be found at a time. Platynereis at this stage has tissues which consist of
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Figure 8: Affinity predictions, ROI1.

cells with very different nucleus shapes: the brain of the animal is made
up of tightly packed cells with round nuclei and barely any cytoplasm
while muscle cells can have flat, narrow and curved nuclei.

• Resolution in Z

Confocal microscopy has lower resolution in the direction perpendicular
to the imaging plane, making it harder to tell where one nucleus ends
and another starts even if it is relatively easy to perform segmentation
in XY plane. Even manual segmentation is hard and somewhat arbitrary
(see the shape of the nuclei in XZ and YZ slices in Figure 6 and Figure
7), especially in the brain of the animal where the density of the objects
is high.

• Ground truth annotation in 3D

Training a 3D model and assessing instance segmentation quality in 3D
requires 3D ground truth annotations. It is very time-consuming and
tedious to do these annotations.
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Figure 9: Instance segmentation steps, ROI1.

Unfortunately, no readily available tools were able to deal with this segmen-
tation, therefore it was necessary to collect ground truth and combine existing
methods to reach required segmentation accuracy.

3.4.2 Ground truth collection

Two blocks of data were chosen in two different datasets, covering the most
challenging parts of the volume. ROI 1 (Figure 6) has both examples of flat
nuclei with challenging shape and the areas with round, crowded nuclei. ROI
2 (Figure 7) comes from one of the parapodia of the animal, where the nuclei
signal is obstructed by the auto-fluorescence of chaetae.

Manual segmentation was performed in Napari by Zülfiye Gülce Serka. Mul-
tiple solutions for annotation were tested, such as Cellpose GUI [55], Segment
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Figure 10: Final merged segmentation of a full volume.

Anything Model [56] and Plantseg [57] splitting/merging based on boundary
predictions. However, no pre-trained model was good enough to make initial
predictions for correction, therefore annotation was mostly done from scratch
using the functionality of the default labels layer. Manual instance segmenta-
tion was very difficult and in many cases the boundary between two nuclei
can be quite arbitrary with estimated time per slice reaching 40 minutes for
slices full of objects. In total 580 nuclei were segmented in ROI 1 and 67 nuclei
in ROI 2 in 114 and 118 Z slices accordingly.

3.4.3 Segmentation quality metrics

• Number of nuclei

• Semantic intersection over union (IoU)

• Precision, recall and accuracy at IoU = 0.1 and IoU = 0.5 To com-
pare instance segmentation with ground truth, intersection over union
(IoU) is calculated between each mask in the instance segmentation and
the ground truth, then instances which have IoU higher than a threshold
are considered matched.

True positive (TP): number of objects matched between ground truth and
instance segmentation



3.4 segmentation 27

False negative (FN): number of objects in the ground truth that did not
match

False positive (FP): number of objects in the instance segmentation that
did not match

Precision, recall and accuracy are calculated based on this definition of
TP, FN and FP. The higher is the the threshold IoU, the more precisely
the objects need to be segmented to count as matching. IoU = 0.5 is a
value commonly used for evaluation of the instance segmentation. At
IoU = 0.1 the objects do not need to have very similar shape so the met-
rics at this threshold can be interpreted as characterizing object detec-
tion quality, even if the predicted nuclei shapes are significantly different
from the ground truth.

• Chamfer distance

Chamfer distance [58] is metric used to evaluate the similarity between
two point sets. Given two point sets A and B, the chamfer distance is
defined as the average of the distances from each point in A to its nearest
neighbor in B, plus the average of the distances from each point in B to
its nearest neighbor in A. This metric characterizes how close on average
a point from each of the point clouds is located to the closest point in the
other point cloud. This metric is used because centroids of the segmented
nuclei are meant to be used for point cloud registration.

3.4.4 Merging Stardist and Mutex Watershed predictions

Stardist segmentation was performed using a model trained by Qin Yu using
3D nuclei segmentation dataset annotated using a procedure described in [59].
As shown in 9, Stardist produces segmentation that does not follow the shape
of the nuclei - IoU for the foreground prediction is only 0.68 (Table 1) - but
roughly matches the correct density of objects as Chamfer distance is pretty
low - smaller than the nucleus size. Using this model results in oversegmenta-
tion, especially for the nuclei that do not conform to the star-convex inductive
bias.

Multicut, the method which was successfully used for segmentation of nu-
clei in the corresponding EM volume, does not have such strong inductive bias.
It requires foreground and boundary semantic segmentation as input. Bound-
ary segmentation is used to split the volume into separate objects. However,
as can be seen in Figure 8, boundary evidence can be weak as it is not easy to
distinguish between nuclei in Z direction due to lower resolution. At the same
time, narrow and curved nuclei get oversegmented because even perfectly cor-
rect boundary prediction takes up significant volume inside the nucleus. These
two factors create a tread-off: either sensitivity to boundary evidence is high,
then it is possible to reduce undersegmentation in the brain of the animal, but
narrow nuclei get split, or sensitivity is low, then narrow nuclei are segmented
correctly but nuclei in the more crowded regions get merged. Even converting
instance segmentation to foreground and boundary probability maps and then
applying multicut did not lead to fully correct instance segmentation and this
result only got worse when taking the network prediction errors into account.
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metric roi stardist mutex ws merged gt

N nuclei
ROI1 791 506 561 580

ROI2 140 45 79 67

Semantic IoU
ROI1 0.68 0.79 0.81 -

ROI2 0.45 0.67 0.68 -

Precision @ 0.1
ROI1 0.85 0.98 0.99 -

ROI2 0.57 0.85 0.85 -

Recall @ 0.1
ROI1 0.98 0.93 0.99 -

ROI2 0.95 0.88 0.97 -

Accuracy @ 0.1
ROI1 0.84 0.92 0.98 -

ROI2 0.55 0.76 0.82 -

Precision @ 0.5
ROI1 0.35 0.61 0.68 -

ROI2 0.14 0.54 0.39 -

Recall @ 0.5
ROI1 0.48 0.53 0.66 -

ROI2 0.27 0.39 0.41 -

Accuracy @ 0.5
ROI1 0.25 0.4 0.5 -

ROI2 0.1 0.29 0.25 -

Chamfer distance, µm
ROI1 1.3 1.1 0.9 -

ROI2 2.7 1.7 1.5 -

Table 1: Segmentation quality evaluation
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Mutex watershed [60] is a method designed for segmentation of neurons
in EM data. The neurons have soma which is a large object and axons/den-
drites which are narrow and need to be segmented very accurately to enable
automated tracing. Mutex watershed is similar to multicut but in addition to
foreground and boundary it also takes into account affinity predictions. Affin-
ity with offset (∆x,∆y,∆z) is defined as a probability for a given pixel at the
position (x0,y0, z0) that the pixel at the position (x0 +∆x,y0 +∆y, z0 +∆z) be-
longs to a different instance. This allows to do instance segmentation of both
small and large objects in the same dataset, however, with more channels the
predictions become more memory and time-consuming.

U-Net model was trained using Plantseg [57] to predict foreground, bound-
aries and a set of affinities with the following offsets:

(1, 0, 0), (0, 1, 0), (0, 0, 1), (3, 0, 0), (0, 3, 0), (0, 0, 3), (9, 0, 0), (0, 9, 0), (0, 0, 9).

Figure 8 illustrates the predictions of the model and Figure 9 shows the fi-
nal instance segmentation after post-processing. Mutex watershed largely seg-
ments both the cells with challenging shapes and round nuclei in the crowded
regions correctly but there are cases when the nuclei are merged in Z direc-
tion, resulting in undersegmentation: mutex watershed detects 506 objects in
ROI1 while the correct number is 580 (see Table 1). Visual inspection of the
erroneous masks confirms that without knowing the approximate object size
it is virtually impossible to split these nuclei correctly without knowing the
approximate expected size of the objects.

Both undersegmentation and oversegmentation are detrimental for registra-
tion, therefore a heuristic was used to combine Stardist and mutex watershed
segmentations. Firstly, both Stardist and mutex watershed were applied to the
image as usual. Then in the mutex watershed segmentation instances larger
than a certain threshold size were removed. After that Stardist instances were
used as seeds to run watershed on the boundary predictions using the re-
moved undersegmented instances as a foreground mask. This procedure al-
lowed to split the large masks into separate nuclei of the correct size while
keeping the overall correct foreground shape. As a final step, size filtering was
applied to remove masks which were too small to be nuclei.

The final segmentation ("merged" in Figure 9) correctly estimates the num-
ber of instances in the ground truth ROIs (Table 1). Precision and recall @ 0.1
as well as low Chamfer distance show that the point cloud derived from the
segmentation accurately corresponds to the centroid point cloud of the ground
truth segmentation.

3.4.5 Results and limitations

Nuclei instance segmentation of the full confocal volume is shown in the Fig-
ure 10. Although there is no ground truth annotation for the whole animal,
visual inspection shows that the segmentation has consistent quality through-
out the volume regardless of intensity variations and difference in resolution
between imaging plane and optical slicing direction. The number of nuclei seg-
mented in confocal volumes is around 10600 while EM segmentation has 11477

nuclei. This means that there are some undersegmented instances, although
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Figure 11: Comparison of LoG spot detection using different threshold with Spotiflow
performance on full animal confocal volume of Platynereis dumerilii. In the
volume render on the left DAPI is shown in blue and raw Brn3 signal in
orange. Images on the right show DAPI in blue and spot detection with
LoG and Spotiflow in orange. Reproduced from [61].

this discrepancy can be partly explained by the segmentation errors not only
in confocal volumes but also in EM segmentation. Despite training the model
on a subvolume with autofluorescence, some part of chaetae and the jaw of
the animal get segmented, however, these are minor mistakes compared to the
total number of nuclei.

The downside of the developed segmentation procedure is the increased
processing time and memory consumption. Applying two separate segmenta-
tion methods means that neural networks need to be run on the volume twice.
The affinity prediction with 11 channels needs to be stored, taking up 100-150

GB for images of size ∼ 800× 2000× 1500. Postprocessing, which includes wa-
tershed and size filtering, takes about 40 minutes per sample, adding up to the
pipeline execution time. Nevertheless, increased demand for computational re-
sources is justified in this case because the segmentation works at the limit of
what is possible with this quality of the data.

3.5 spot detection

3.5.1 Problem description

In smFISH the staining protocol produces images which consist of spots, with
each spot corresponding to an mRNA of the gene of interest. Due to inten-
sity variations, autofluorescence and crowding of the spots in cells with high
expression levels it is hard to quantify the expression solely by comparing
fluorescence intensity. Detection of individual spots allows to compensate for
these factors and quantify gene expression based on smFISH images.

In many widely used pipelines ([62], [63]) spot detection relies on Laplacian-
of-Gaussian (LoG) - a classical threshold-based method. It works well for the
clean data with clearly distinct spots but using it becomes more difficult in the
images with varying background and signal intensity, leading both to many
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Figure 12: Comparison of spot detection with LoG and Spotiflow for the cells with
high gene expression level. Raw signal is shown in white. Spot detections
are shown as circles (blue for Spotiflow and green for LoG), smaller circle
diameter means that the center of the spot is not in the plane of the image.

false-positive detections in the background and many false-negatives in the
crowded areas and areas with lower intensity of the signal.

Testing LoG on the Platynereis smFISH volumes has shown that while
it is possible to reach decent results by manually adjusting thresholds on a
small subvolume of the data, applying LoG with the same setting to the full
volume led to variable results throughout the volume. Autofluorescence from
chaetae was causing especially large number of false-positives while lowering
the sensitivity led to missing detections as shown in Figure 11. In addition,
LoG performed poorly in the crowded areas (Figure 12), missing many spots
and therefore making it impossible to correctly identify cells with high expres-
sion levels.

A lot of deep learning-based methods were developed to solve the spot
detection task ([64–67]) but they are hard to use as most of them require an
accurate PSF model for creating simulated training data and work only in 2D.

3.5.2 Spot detection ground truth annotation

Subvolumes for annotations were chosen from 3 biological replicates, 3 sub-
volumes per sample. As each sample has 2 gene samples, this resulted in 18

different annotated subvolumes. The subvolumes were chosen to include chal-
lenging areas, such as chaetae and cells with high expression levels.

Firstly, the spots in each image were detected using LoG, with the threshold
adjusted manually per image. Then the LoG detections were corrected using
the functionality of Points layer in Napari. The annotation took approximately
16 hours. It is important to note that these annotations are highly subjective. It
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is impossible to determine the exact position of the spot center in a diffraction-
limited image. The only way to get the ground truth with precise spot positions
is to use simulated data. In spot detection there is a tread-off between the ac-
curate ground truth and the training data which faithfully represents intensity
variations, artifacts and noise of the real data.

3.5.3 Spot detection with Spotiflow

Annotated data was passed to Albert Dominguez Mantes who used it to de-
velop the 3D version of Spotiflow [61], a deep learning-based method for spot
detection. In Spotiflow the position of the spots and the distance to the clos-
est spot is predicted using a CNN, after which post-processing is applied to
detect spots and determine their sub-pixel position. The CNN can be trained
both using simulated data and using real data, allowing the model to adjust to
the data-specific intensity variations and the presence of the fluorescent objects
which are not spots. Another advantage of this method is that it uses the 3D
CNN, making it easier to distinguish neighboring spots in crowded areas.

Albert trained the 3D model using simulated data and then fine-tuned it
using the manual annotations. Resulting model drastically decreased the num-
ber of false-positive in chaetae (Figure 11) and performed better than LoG in
the cells with high gene expression (Figure 12). More detailed analysis of the
results and the method can be found in [61].

Unfortunately, it was not possible to completely eliminate false positives
caused by the sample autofluorescence. In addition, inspection of samples
stained with different smFISH probes revealed that the cuticle of the animal
gets stained in some areas, resulting in the signal that an expert would iden-
tify as "false positive". However, the spots look exactly the same as for the
correct detections, making it impossible for a local method such as Spotiflow
to determine if these detections are correct or incorrect. In such cases it was
decided to retain as much signal as possible and perform the filtering during
the single-cell gene expression data analysis.

Having a robust model for spot detection allowed to quantify gene expres-
sion signal and easily aggregate the signal from different replicates. As dis-
cussed above, the raw intensity depends on the rotation of the sample with
respect to the imaging plane as well as on the position inside the sample, mak-
ing it hard to connect intensity values with the expression level. Spot counts
are robust to these variations and can be directly compared between replicates
imaged with the same smFISH probes in different conditions.

3.6 gene signal assignment

After segmentation and spot detection gene signal is assigned to individual
nuclei. The volume was split into regions by the distance to the closest nu-
cleus, approximating the cytoplasm of the cell. After that the number of spots
detected in each region was calculated and assigned as the gene expression
value to each nucleus, as shown in Figure 13. For genes such as StMhc and
ROpsin which have so high expression level that it is impossible to detect indi-
vidual spots, sum and mean of intensity was calculated over each cell region.
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Figure 13: Gene signal assignment to nuclei. DAPI signal (white) with the expression
of gene Pkd1 overlaid on top (red). Nuclei are colored according to their
segmentation masks and corresponding cell regions are shown contours of
the same color. Spots detected by Spotiflow are marked with green circles.

This approach has many disadvantages. It does not take into account the
shape of individual cells which can lead to errors. In cases when the cells are
located very close to each other, it is impossible to determine if a spot close
to the cell boundary should belong to one cell or the other. Potentially a more
sophisticated approach could help to take this into account. For example, if one
nucleus has many spots assigned to it with high confidence then it is more
likely that the spot on the boundary belongs to it rather than to a neighbor
with no expression.

3.7 preliminary similarity alignment

EM segmentation was used as a template for registration. Both EM and con-
focal volume segmentations were converted from the instance to semantic.
Thanks to the SVD pre-alignment step, all the samples were already roughly
aligned, which allowed to compare them before registration. All the light
samples looked consistently similar but EM volume was approximately 10%
smaller than light volumes, based on the nuclei size and the length of the
animal body. This difference can be attributed to different fixation protocols.
Similar observation was also made in the pilot stage of the project when the
samples fixed in different way for confocal microscopy had different size.

To compensate for this difference and make further deformable registration
more stable, pre-aligned images were registered using Similarity transform in
Elastix [12, 68]. Similarity transform allows translation, rotation and scaling
of the moving image. The registration was done using normalized correlation
coefficient with 2 levels in the image pyramid schedule (32 and 8) and 20000

spatial samples.
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Figure 14: Point cloud alignment with Coherent Point Drift. Each line shows the dis-
placement of one nucleus.

3.8 coherent point drift

Both EM and light segmentations were converted to point clouds by extract-
ing coordinates of centroids. Coherent Point Drift [69] was used to perform
deformable alignment with EM point cloud as a fixed set and light point cloud
as moving point set.

In Coherent Point Drift registration problem is posed as follows: maximize
probability of fixed point set as samples from the probability distribution of a
sum of Gaussians with centers in the points of the moving set:

p(x) = w
1

N
+ (1−w)

M∑
m=1

1

M
p(x|m), (5)

N, M - number of points
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p(x|m) - probability of one point in fixed set x given the position of a moving
point m

w - probability of the point being noise (coming from uniform distribution
instead of sum of Gaussians)

Non-rigid registration: find displacement field v(Y):

T(Y, v) = Y + v(Y), (6)

Y - positions of points in the moving point cloud.
This algorithm has the following parameters:

• w - expected proportion of noise in the dataset

• λ - tradeoff between maximizing probability of points and keeping the
spatial structure of the moving point set

• β - parameter defining the width of Gaussians

Registration was performed with parameters w = 0.00001, λ = 0.1, β = 100

and max_iter = 150 using library Probreg [70]. Registration uses GPU and
takes ∼ 30min for two point sets with ∼ 11000 point each.

Figure 14 demonstrates the displacement field found with CPD for a subset
of nuclei. Neighbouring nuclei move consistently as a group, for example, the
whole parapodia moves as a whole, indicating that the animal in the confocal
volume was imaged in a different pose.

Using point cloud registration allows to reason about the content of the
image as a set of objects rather than mere pixel intensities, which matches the
human perception of what it means to match two stereotypic animals.

3.9 cell matching

3.9.1 Assignment problem formulation

Coherent Point Drift finds the coordinates of points of the aligned point cloud
so additional matching step is necessary to establish correspondences between
nuclei from EM and nuclei from the confocal volume. The task of finding
the optimal correspondence between the elements of two sets based on the
pairwise distance matrix is called assignment problem. It is a fundamental
task of combinatorial optimization.

Let M be number of elements in the first set and N - the number of elements
in the second set, M < N. Let us define the matrix of optimization variables X

of size M×N:

xij =

{
1, pi matches mj

0, otherwise
(7)

C - cost matrix of size M×N. In this case C consists of pairwise Euclidean
distances between points from different point clouds.
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Figure 15: Point matching with ILP. Subset of EM point cloud is shown in purple,
subset of light point cloud - in teal. Matched nuclei are connected with
green lines.

Objective function:∑
C ·X → min (8)

Constraints:

M∑
i=1

Xi· >= 1

N∑
j=1

X·j == 1

The first constraint means that each point from the smaller point cloud should
match to at least one point from the larger point set. The second constraint
means that each point from the larger point set must match exactly one point
in the smaller point cloud.

Optimization of this objective was implemented using CVXPY [71, 72], an
open source package for disciplined convex programming and combinatorial
optimization. GLPK (GNU Linear Programming Kit) was used to solve this
mixed integer problem.

3.9.2 Scaling up with a sparse distance matrix

With approximately 11000 elements in each set, the total number of optimiza-
tion variables reaches 121 · 106. Solving a problem of this dimensionality is not
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feasible therefore the number of considered matches had to be reduced. Since
the point clouds are already aligned it is expected that apart from some reg-
istration errors the matching nuclei are located close to each other, therefore
it is reasonable to limit possible matches to some nearest neighbors of each
nucleus.

Based on experiments with synthetic data, sparse distance matrix contained
the element if the distance between two nuclei was less than 8 µm. In addition,
for each nucleus 30 nearest neighbors were considered as possible matches
regardless of the pairwise distance to ensure that the optimization problem al-
ways has feasible solutions. With this assumption the number of optimization
variables reduced from ∼ 121 · 106 to ∼ 6 · 105. With the reduced number of
variables it took approximately 30 minutes to solve this problem using CVXPY
and establish the correspondence between nuclei in the EM dataset and confo-
cal volumes (Figure 15).

The formulation of the problem used here ensures that each nucleus in EM
and each nucleus in the confocal data will have at least one corresponding ob-
ject, which is important for transferring annotations such as gene expression
and morphology descriptors between the datasets. Using additional optimiza-
tion procedure for this step helps to compensate for errors in Coherent Point
Drift registration.

3.10 deformable registration with matched nuclei centroids

as landmarks

Matching nuclei provide a set of landmarks which can be used to warp the
confocal images and overlay them with the EM data.

Thin plate splines are often used for this task as this transform parametriza-
tion uses the landmarks as control points [8, 73]. Due to unequal number
of segmentation masks, some nuclei essentially match to the same point so
instead of enforcing the position of matched points with thin plate splines,
B-splines were used to parametrize the deformation and the position of the
landmarks was used in the optimization objective instead.

Deformable registration was performed in Elastix with a sum of two metrics
as an objective: normalized correlation coefficient between semantic segmenta-
tions and Euclidean distance between corresponding points with the weights
1 and 1000. The registration was done with 2 levels in the image pyramid
schedule (16 and 8) and 100000 spatial samples. Resulting transformation was
applied to the instance segmentation as well as all channels of the raw confocal
volumes.

3.11 export to mobie

MoBIE [74] is a data viewer for exploration of big multi-modal images and
associated tabular data based on Big Data Viewer (BDV) [75]. It allows to
smoothly browse large images thanks to pyramidal data storage and can be
used to map annotations stored in tables to the volumetric segmentation. It
was used to interact with the Platynereis dumerilii EM volume in the previous



38 registration pipeline validation

publications [36, 37], therefore the newly registered datasets were added to the
already existing MoBIE project.

Transform found in the previous steps was applied to the nuclei segmenta-
tion, raw DAPI image and both gene images. After that another rigid transfor-
mation was applied to all datasets to orient them correctly as the EM volume
in the existing MoBIE project is not oriented along the space axes. Resolution
of 0.32× 0.32× 0.32 µm was used for all the new datasets to reduce the storage
memory.

Adding data to MoBIE browser allowed to overlay EM with registered fluo-
rescence and visualize gene expression values transferred to EM nuclei from
multiple confocal replicates.



4
G E N E E X P R E S S I O N A N A LY S I S

4.1 pipeline overview

The image analysis pipeline for atlas creation can be split into 3 parts: prepro-
cessing, registration and data visualization. Figures 17, 19, 18 and 16 demon-
strate the application of the pipeline to 4 different samples. It is important to
point out that these are 4 individual animals which do not necessarily match
exactly. Let us briefly summarize all the steps of the registration pipeline.

4.1.1 Preprocessing

In the preprocessing phase each confocal dataset is processed independently.
The goal of this phase is to enhance and quantify the raw signal and extract
objects for registration. This part of the pipeline is highly specific for the data
used in this project as it includes the deep learning methods trained using
manual annotations of these particular images.

• Pre-alignment

Imaged samples can be oriented randomly in the imaging plane (Figure
16, A). Automatically finding large rotation angles is hard and prone to
fail, therefore the pipeline starts with a heuristic-based alignment of body
axes of the animal along the axes of the coordinate space: dorsoventral
axis along Z, anteroposterior axis along Y and left-right axis along X,
with the head of the animal close to the origin. As a result, all the samples
are roughly aligned and easy to compare and visualize (Figure 16, B).

• View merging

In fluorescence microscopy, the illumination as well as the detected light
is subject to scattering in biological tissues, limiting the penetration depth
of the imaging. Decreasing signal intensity makes automated segmenta-
tion and spot detection much more challenging and leads to the loss of
gene expression in- formation. To compensate for the loss of signal, each
animal was imaged from two sides (dorsal and ventral), after which the
views were merged. This resulted in a composite volume with uniform
intensity, making further processing easier and preventing loss of gene
expression signal.

• Segmentation

Each sample was segmented with Stardist and mutex watershed. Thanks
to the strong shape prior, Stardist could detect separate nuclei in the ar-
eas of the sample where resolution in Z did not allow to reliably predict
a boundary between separate nuclei. Mutex watershed was able to accu-
rately segment nuclei of unusual shape and overall segmented the fore-
ground more precisely. The instance segmentations obtained with these

39
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Figure 16: Preprocessing phase of the registration pipeline shown for 4 different ani-
mals. A) The same Z slice of each of the input volumes (DAPI staining in
white). B) Pre-aligned volumes (DAPI staining in white). C) Instance seg-
mentation (DAPI staining in white, each nucleus mask has different ran-
dom color).

two methods were combined resulting in ∼ 10500 nuclei detected in each
sample. Despite the errors, especially caused by the autofluorescence, the
segmentation was consistent throughout the volume which is important
for using it as a source of registration landmarks (Figure 16, C).

• Spot detection

Spot detection was performed using a custom 3D Spotiflow model. Hav-
ing a robust model for spot detection allowed to quantify gene expression
signal and easily aggregate the signal from different replicates despite in-
tensity variations across and within the samples.

• Gene signal assignment

The volume was split into regions by the distance to the closest nucleus,
approximating the cytoplasm of the cell. After that the number of spots
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Figure 17: Pipeline EM template

detected in each region was calculated and assigned as the gene expres-
sion value to each nucleus.

4.1.2 Registration

In this phase all confocal volumes are registered to the EM volume, used as a
template. EM segmentation (Figure 17, A) and corresponding centroid point
cloud (Figure 17, B) were set as fixed. The main result of this part of the
pipeline is the displacement field and nucleus-to-nucleus matching between
each nucleus in each of the confocal volumes and the nuclei in EM volume.

This part of the pipeline is fairly generic and can be applied to different
biological samples, given that the instance segmentation is already done.

• Preliminary similarity alignment

Before doing deformable alignment, it is necessary to rigidly align the
samples to the template as close as possible. In this case similarity align-
ment (translation + rotation + scaling) was used to compensate for the
size difference caused by different fixation and staining protocols. Af-
ter this step the samples are registered as closely as possible without
deformable alignment (Figure 18, A).

• Coherent Point Drift

Both EM and light segmentations were converted to point clouds by ex-
tracting coordinates of centroids (Figure 18, B). Coherent Point Drift [26]
was used to perform deformable alignment with EM point cloud as a
fixed set and light point cloud as moving point set (Figure 18, C) result-
ing in the aligned point clouds (Figure 18, D).
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• Cell matching

Coherent Point Drift finds the coordinates of points of the aligned point
cloud so additional matching step was implemented to find a corre-
spondence between nuclei in light and EM. The total distance between
matched nuclei was minimized using CVXPY with a constraint that each
nucleus in both datasets should match one or more nuclei in the other
dataset (Figure 19, A). This matching enabled annotation transfer be-
tween the datasets, for example, assignment of gene expression based
on spot detection to nuclei in EM.

4.1.3 Data analysis and visualization

Final result of registration is the matching between nuclei in confocal volumes
and EM template. It is very hard to assess the registration quality based on the
point clouds, therefore the last phase was added to the pipeline to overlay raw
fluorescence data with the electron microscopy.

• Deformable registration with matched nuclei centroids as landmarks

Matching nuclei provide a set of landmarks which can be used to warp
the confocal images and overlay them with the EM data. Deformable
transformation was found using Elastix and applied to the segmentation
(Figure 19, B) as well as all channels of the raw confocal volumes (Figure
19, C).

• Visualization in MoBIE

Registered instance segmentation as well as all channels of the raw con-
focal volumes and the final gene expression table were added to the
existing MoBIE project. This allowed to interactively visualize multiple
datasets together, perform arbitrary direction slicing and visualize the
mapping of the quantified gene expression signal to the segmentation
masks.
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Figure 18: Registration phase of the registration pipeline shown for 4 different animals.
A) Volumes registered to EM segmentation using similarity transform (each
nucleus mask has different random color). B) Centroid-based point clouds
(segmentation shown in gray, point cloud in pink). C) CPD displacement
field for a subset of nuclei. Each line is displacement of one nucleus from
it position after similarity transform to the final position. D) Light point
clouds (pink) registered with EM template point cloud (cyan).
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Figure 19: Visualization phase of the registration pipeline shown for 4 different ani-
mals. A) Points of the EM point cloud (cyan) matched with the points of
the confocal point cloud (pink), matches shown with white lines. B) De-
formable transform applied to the semantic segmentation of confocal vol-
umes (pink) to visualize the overlay with EM segmenation template (cyan).
C) Deformable transform applied to the muscle staining (one of the gene
channels in the confocal volumes) to visualize the overlay with EM segme-
nation template (cyan).
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sample name gene 1 gene 2

ropsin1_pl1 ROpsin -

ropsin1_pl2 ROpsin -

ropsin1_pl3 ROpsin -

ropsin1_pl4 ROpsin -

StMhc_pl1 StMhc -

StMhc_pl2 StMhc -

StMhc_pl3 StMhc -

StMhc_pl4 StMhc -

Table 2: List of confocal samples for quality control

4.2 assessment of registration quality

Measuring how well registration worked would require manual matching of
11500 nuclei in multiple samples, which is impossible, therefore instead of
using matching nuclei to check the registration quality the gene expression
signal was used to assess the registration results. Two sets of samples were ac-
quired: 4 replicates with StMhc staining and 4 replicates with ROpsin staining,
as listed in Table 2. StMhc is a very highly expressed gene and it is expressed
in the muscle cells throughout the body, making it a perfect signal to assess
the overall registration quality. ROpsin is expressed in the photosensitive cells,
allowing to assess the registration in the head of the animal, which has less
StMhc signal.

Visualization of StMhc staining registered with EM (Figure 20) shows that
the developed pipeline allows to consistently align confocal volumes with EM.
Even with the diffraction-limited confocal signal the replicates overlap and
mostly match the muscle segmentation in EM volume. Correlation between
the signal assigned to EM nuclei (Figure 21) confirms that the registration
pipeline is general enough and works roughly the same for all replicates with-
out adjusting any parameters or needing any manual input.

Visual inspection of the ROpsin stainings registered to EM (Figure 22) fur-
ther proves that the signal consistently maps to the same cells. In addition to
the area around the adult eye of the animal, registration accuracy allows to
correctly identify a single photosensitive cell in the different part of the lar-
vae’s head (Figure 22, pink box). Correlation between the signal mapped to
EM from different replicates for ROpsin is shown in Figure 23. In this case
replicate 4 has lower correlation with other samples. Visual analysis did not
show any difference in segmentation or registration quality based on the visu-
alization of DAPI staining and nuclei segmentation so lower correlation could
be a result of lower quality of the staining. ROpsin is very highly expressed,
making it impossible to detect spots, which is why the sum of the signal per
cell region was used to quantify expression level per nucleus. This example
shows the importance of the spot detection for quantitative gene expression
analysis of smFISH samples.
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Figure 20: Registration quality control with StMhc staining. EM data shown in grey,
solid cyan areas are muscle segmentation in the EM data. 4 replicates of
StMhc staining from registered confocal volumes shown in pink, yellow,
green and blue.

4.3 gene expression analysis

Developed pipeline was used to add the expression of 16 genes to the atlas
by mapping 35 samples to EM. The samples are listed in Table 3. As a result
of registration it is possible to overlay different replicates and view smFISH
spots directly on the EM volume, as shown in Figure 24 (top panel) for genes
Arx and Pkd1. In addition, the pipeline produces a table which contains an
expression vector for each nucleus in EM. The expression level is quantified as
a sum of spots mapped to each nucleus in all the replicates. This expression
table can be loaded in MoBIE and used for visualization, for example, in Figure
24 (bottom panel) expression level of gene Pkd1 in each EM nucleus.
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sample name gene 1 gene 2

prox-brn3_pl1 Prox Brn3

prox-brn3_pl2 Prox Brn3

prox-brn3_pl3 Prox Brn3

prox-brn3_pl4 Prox Brn3

pkd1_ncald_pl1 Pkd1 NCALD

pkd1_ncald_pl2 Pkd1 NCALD

pkd1_ncald_pl3 Pkd1 NCALD

pkd1_ncald_pl4 Pkd1 NCALD

pkd1_ncald_pl5 Pkd1 NCALD

ptf1-arx_pl1 Ptf1 Arx

ptf1-arx_pl2 Ptf1 Arx

ptf1-arx_pl3 Ptf1 Arx

ptf1-arx_pl4 Ptf1 Arx

copsin1-otx_pl1 COpsin1 OTX

copsin1-otx_pl2 COpsin1 OTX

copsin1-otx_pl3 COpsin1 OTX

copsin1-otx_pl4 COpsin1 OTX

Dbx-Msx_pl1 Dbx_AP080 Msx_AP009

Dbx-Msx_pl2 Dbx_AP080 Msx_AP009

Dbx-Msx_pl3 Dbx_AP080 Msx_AP009

Dbx-Msx_pl4 Dbx_AP080 Msx_AP009

Dbx-Msx_pl5 Dbx_AP080 Msx_AP009

Vglut-Phc2_Pl1 Vglut_AP173 Phc2_AP156

Vglut-Phc2_Pl2 Vglut_AP173 Phc2_AP156

Vglut-Phc2_Pl3 Vglut_AP173 Phc2_AP156

Vglut-Phc2_Pl4 Vglut_AP173 Phc2_AP156

Vglut-Phc2_Pl5 Vglut_AP173 Phc2_AP156

FoxQ2-GoOpsin1_Pl1 FoxQ2_AP249 Go_Opsin1_AP127

FoxQ2-GoOpsin1_Pl2 FoxQ2_AP249 Go_Opsin1_AP127

FoxQ2-GoOpsin1_Pl3 FoxQ2_AP249 Go_Opsin1_AP127

FoxQ2-GoOpsin1_Pl4 FoxQ2_AP249 Go_Opsin1_AP127

Bsx-Hoxa1_Pl1 Bsx_AP203 Hoxa1_AP181

Bsx-Hoxa1_Pl2 Bsx_AP203 Hoxa1_AP181

Bsx-Hoxa1_Pl3 Bsx_AP203 Hoxa1_AP181

Bsx-Hoxa1_Pl4 Bsx_AP203 Hoxa1_AP181

Table 3: List of confocal samples
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Figure 21: Correlation of the StMhc signal mapped to EM from different replicates.
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Figure 22: Registration quality control with Ropsin staining. EM data shown in grey.
4 replicates of ROpsin staining from registered confocal volumes shown in
pink, yellow, green and blue. The screenshot shows YZ slice of the volume,
meaning that the vertical axis is roughly aligned with the direction of op-
tical slicing for confocal microscopy. The pink box highlights the ROpsin
expression in a single photosensitive cell.
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Figure 23: Correlation of the ROpsin signal mapped to EM from different replicates.
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Figure 24: Expression of Pkd1 and Arx mapped to EM. Top: smFISH staining (4 repli-
cates per gene) for Pkd1 (red) and Arx (green) overlaid on top of EM data
(gray). Bottom: number of Pkd1 spots mapped to EM nuclei.
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4.4 summary

In this project I developed an automated pipeline which allows to map smFISH
confocal microscopy data to electron microscopy. The registration is based on
segmenting cell nuclei in both modalities and using them as landmarks. The
pipeline can be split into 3 parts.

In the preprocessing part the samples are handled individually: the signal
is enhanced via merging confocal views, then the nuclei are automatically seg-
mented and gene expression signal is quantified using a DL-based method.

The second part of the pipeline is the registration to EM template: each sam-
ple is registered to the EM using similarity transform, after that the instance
segmentations are transformed into point clouds and deformable alignment
of point clouds is performed using Coherent Point Drift. Coherent Point Drift
places the points of the moving cloud as close to the points of the fixed point
cloud while keeping the overall structure of the input point cloud intact. Phys-
ical distances between nuclei in EM and aligned nuclei from confocal are used
as a cost matrix of the assignment problem, which yields correspondence be-
tween nuclei in light an EM.

The third part of the pipeline is the visualization and visual quality con-
trol. Corresponding nuclei are used as registered landmarks to warp the raw
fluorescent images and overlay them with EM in MoBIE viewer.

Registration requires no manual input, works stably enough to require only
4-5 replicates per gene and matches single cells across modalities. To my
knowledge, it is the first data analysis pipeline that allows single-cell level
matching between cells of a full organism of this size. Multiple factors con-
tributed to meeting these challenging requirements:

• High-quality input data

I worked together with Luca to iterate on the protocol for microscopy
which would produce images which are good enough for the task. To
my knowledge, acquiring two views of the same sample is not a standard
way of imaging 3D smFISH data. In this case it was worth the overhead of
doubling the acquisition time and the amount of raw data to be process
as having volumes with relatively uniform intensity distribution allowed
to achieve very good segmentation quality. Reproducible and predictable
data acquisition is key for any high-throughput data anlysis pipeline.

• Custom segmentation

Quality of registration based on segmentation depends strongly on the
segmentation quality. In my experiments, it was possible to register con-
focal volumes even with the imperfect Stardist segmentation. The seg-
mentation model makes approximately the same errors in every sample
and provides reliable registration landmarks. However, EM segmentation
has completely different challenges and errors, which is why accurate
registration and cell-to-cell matching required ground truth annotation
and development of a segmentation method which combined Stardist
and mutex watershed.

• Gradual registration
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Registration progresses from a heuristic SVD-based pre-alignment to
solving assignment problem for matching individual nuclei across
modalities. Each registration step solves only a part of the problem, mak-
ing the input more predictable and therefore allowing to set registration
algorithm parameters that solve the problem efficiently and generalize
to all samples. For example, without the similarity pre-alignment before
CPD the deformable alignment would have to take into account not
only the pose difference between different samples but also rotation and
translation, which would lead to more errors.

• Using point cloud registration instead of intensity-based registration

Intensity-based registration implemented in Elastix is routinely used for
biological and medical image analysis. It is based on calculating cross-
correlation or mutual information between two images and finding a
transformation that would maximize the metric using gradient decent.
As all gradient decent methods, this type of registration is prone to get-
ting stuck in local minima, and images of nuclei provide plenty of local
minima since correlation becomes very high if some of the objects match.
Normally this is circumvented by smoothing the images before registra-
tion but for nuclei staining it means removing a lot of details and making
precise registration very difficult. Instance segmentation provides mean-
ingful landmarks and point cloud registration operates with nuclei as
separate object, not just a set of unrelated pixels.

• Optimization of registration parameters using gene signal

It is very hard to visually estimate the quality of 3D registration, espe-
cially if the goal is to reach near-single-cell accuracy. An orthogonal reg-
istration quality metric is an invaluable tool for assessing the registration
quality without browsing large 3D volumes. Using the StMhc correlation
metric introduced earlier I could run a grid search and choose optimal
parameters of CPD.

• CPD is remarkably well-suited for the alignment of nuclei centroid point clouds

Popular methods developed for registration of point clouds derived from
3D models of objects or measured in a remote sensing setting, such as
PointNet [28] and SuperGlue [27], make use of the normals, which means
that the point clouds need to represent the surfaces of objects. This is not
true for nuclei as the nuclei are spread throughout the volume of the
sample, making the concept of normals meaningless. CPD models point
cloud as a sum of Gaussians, effectively utilizing density of points as the
main registration feature.

4.5 limitations

• Segmentation errors

Segmentation errors limit the best possible accuracy of single-cell match-
ing but with the resolution of confocal images in Z and cell type diversity
of the sample it is very hard to achieve accurate segmentation. Manual
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Figure 25: Pipeline tools

correction is also not feasible: adding 2 genes to the atlas means segment-
ing ∼ 11000 nuclei in each of the 5 replicates. Manual correction for just
2 genes would mean curating ∼ 55000 nuclei. In addition, EM segmenta-
tion used as a template is also not perfect but the errors have a different
bias, introducing additional errors.

• How stereotypic is stereotypic?

As shown for C. elegans, even stereotypic animals have some differences.
It is not known how different individual larvae is for Platynereis dumer-
ilii and without manual matching of all cells it is hard to distinguish
between segmentation errors, registration errors and true difference be-
tween individuals.

• Low quality in the areas that do not have any landmarks

Developed pipeline uses segmentation-based registration, which means
that only the nuclei landmarks get registered. It means that the areas
between nuclei such as neuropil or lipid droplets in the body of the
animal do not have any landmarks, sometimes leading to unrealistic de-
formations. In the same way, it means the although centers of nuclei are
matched, it is not possible to correctly map the physical location of the
gene expression spots and distinguish, to which cell exactly the spot be-
longs based on the overlay with EM data.

• Very clunky pipeline (Figure 25)

The pipeline was built using Snakemake [76]. Each step of the pipeline
was a separate Python script which read the data, passed it to the ap-
propriate tool and recorded the results. Due to the size of the volumetric
data, reading and writing data took up significant part of the execution
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time for several steps of the pipeline. Storing all the intermediate results
also significantly increases the storage requirements. A more streamlined
version of this pipeline would complete multiple steps simultaneously,
without writing and reading intermediate results. In this case I decided
to split the pipeline into small independent steps as it facilitated debug-
ging and allowed to interact with the Slurm-based cluster queue more
efficiently.

As shown in 25, multiple different ecosystems were used for building
registration pipeline. General purpose Python libraries such as Scipy

and scikit-image were used for basic operations with images such as
preliminary alignment with SVD. Napari was used for checking and
manually correcting segmentation and spot detection results. CVXPY was
used for the combinatorial optimization. Intensity-based registration was
done using C++ library Elastix via the Python bindings ITKElastix.
GPU-based implementation of CPD was taken from Probreg, a library
for point cloud registration written with Open3D, the C++ library for fast
storage and operations with 3D point clouds. Finally, the cross-modal vi-
sualization was done in ImageJ and specifically MoBIE, the plugin based
on BigDataViewer.

Unfortunately, each of these tools use different agreements about the
order of axes, default resolutions and ways to write down registration
transforms. Figuring out how to pass data between the libraries was a
major challenge during pipeline development.

• Application to new datasets is limited by the preprocessing step

Despite being the most studied problem in biological image analysis, test-
ing methods for segmentation of confocal volumes and collecting ground
truth took several months of work, despite numerous claims in the liter-
ature that nuclei segmentation is a solved problem. Since this pipeline is
underpinned by the high quality instance nuclei segmentation, applica-
tion of the same registration methods to new datasets is limited by the
preprocessing step.

4.6 discussion and outlook

Fully automated cross-modal registration of not exactly identical 3D samples
with near-single-cell accuracy is a challenging task. It was possible to solve
it by making use of the recent advances in the area of 3D nuclei segmenta-
tion to detect relevant landmarks and then implementing gradual registration
procedure. Instead of trying to adjust registration parameters to each dataset
individually, I took an approach in which subsequent steps compensate for the
errors of the previous steps:

• Multiview registration

– Loss of signal due to imaging depth

• Segmentation

– Intensity variations



56 gene expression analysis

– Lack of obvious matching landmarks between modalities

– Resolution mismatch

• Coherent Point Drift registration

– Differences between individual organisms

– Segmentation errors

• Point matching with integer linear programming

– Registration and segmentation errors

– Different number of nuclei in individual samples

CPD-based registration can be reused for other biological data, including 3D
and 2D samples (for example, consecutive tissue slices). It is modality-agnostic
as long as instance segmentation is available for all images. It is not limited to
segmentation of nuclei as long as it is possible to detect the landmark objects
in all modalities. My experiments with Stardist segmentation have shown that
as long as segmentation makes consistent errors (for example, always overseg-
ments the same elongated nuclei in all samples), the developed pipeline can
be applied and achieves good results for creating overlays of the images.

Practically application of the CPD-based registration to new datasets has
two main challenges. Firstly, since the single-cell matching and overall regis-
tration quality depend on the segmentation accuracy, developments in the area
of instance segmentation would improve the usability of segmentation-based
registration. Secondly, more software development and standardization efforts
are needed to integrate all the various tools (Figure 25) and make registration
more user-friendly.

Datasets collected for registration quality control (Table 2) in combination
with the EM volume of Platynereis dumerilii represent a unique benchmark,
which will become a valuable resource for large-scale cross-modal biological
image registration method development.

It was possible to register about 50 individual smFISH volumes, creating an
atlas of 16 genes mapped to EM volume. Having nuclei-to-nuclei correspon-
dence allows to easily transfer annotations, such as gene expression levels and
morphological features, between modalities.
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S PAT I A L S I N G L E - C E L L I S O T O P E T R A C I N G

Contributions

• I acquired MALDI and microscopy data for all the prelimi-
nary experiments (not presented here) and part of the datasets
presented in this chapter, performed data processing using
SpaceM and developed data analysis pipeline

• Måns Ekelöf acquired MALDI data for part of the datasets

• Mohammed Shahraz acquired microscopy data for part of the
datasets

• Marteinn T. Snaebjornsson and Lisa Schlicker performed iso-
tope tracing experiments and provided samples for analysis
as well as control bulk mass spectrometry data

• Alberto Bailoni performed data processing using SpaceM for
part of the datasets





5
S I N G L E - C E L L I S O T O P E T R A C I N G O F H E T E R O G E N E O U S
C E L L C U LT U R E S

5.1 isotope tracing

The state of a biological system cannot be fully described without taking into
account the whole range of lipids and small metabolites which are the sub-
strates and products of enzyme reactions. Mass spectrometry, a chemical anal-
ysis technique used to provide absolute or relative intracellular or extracellu-
lar metabolite levels, is a broad and sensitive method to detect differences in
metabolic states between conditions. However, measuring changes in concen-
trations of individual metabolites does not always allow detailed conclusions
about biological activity, as most metabolites are part of several important and
interlinked metabolic pathways. Isotope tracing is a well established method in
biochemistry used to estimate relative pathway activities, qualitative changes
in pathway contributions via alternative metabolic routes and nutrient contri-
bution to the production of different metabolites .

In isotope tracing experiments in cell culture, one of the nutrients in the
growth medium is replaced with a nutrient labeled with non-radioactive heavy
atoms. As mass spectrometry separates molecules based on mass, the incorpo-
ration of heavier atoms in a molecule provides an unambiguous label while
keeping molecular properties close to identical to the naturally occurring ana-
logues. The labeled nutrient is taken up by the cell and metabolized, producing
various labeled metabolites. If the cells are in metabolic steady state, mean-
ing that all intracellular and extracellular metabolic fluxes stay constant in
the course of the experiment, the concentration of labeled metabolites changes
over time and levels out at the isotopic steady state. The time required to reach
this state depends on turnover rate for the pathways of interest. labeling ex-
periments can be performed both in dynamic and steady state. Dynamic mea-
surements, during which samples are analyzed in several time points, can be
used to infer metabolic fluxes, while in steady state analysis of isotopologue
patterns allows to draw conclusions on nutrient usage and relative pathway
contributions [79].

In response to changing conditions cells rewire their metabolism, balancing
between energetic demands and biosynthetic requirements. It is critical to un-
derstand metabolism on the single-cell level since, similar to gene expression,
metabolic response of cells to environment, disease, or therapy can be highly
heterogeneous. In this project my goal was to adapt bulk isotope tracing to
study nutrient usage and relative pathway contributions at single-cell level.

5.2 spatial single-cell mass spectrometry

A mass spectrometry measurement requires a sample of the material to ana-
lyze, which must be broken up into free molecular ions. One common tech-

59
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Figure 26: Protocol for single-cell metabolomics (reproduced from [77]). Cells are
grown on a glass slide, fixed and stained, then three rounds of measure-
ments are performed. Firstly, bright field and fluorescent pre-MALDI mi-
croscopy is done to collect data about location of cells. Then MALDI imag-
ing is done on a part of the well with ablation marks forming a grid and
uniformly sampling region of interest. After that post MALDI bright field
microscopy is conducted to get the location of ablation marks. Ablation
marks and cells are segmented from microscopy images and overlaid, there-
fore mass spectra are matched with the corresponding cells.

nique is to use a pulsed ultraviolet laser beam to eject material directly from a
sample surface (Matrix-Assisted Laser Desorption Ionization, or MALDI) [80].
The resulting cloud of partially ionized material is injected into a mass spec-
trometer which provides a measure of mass and amount of the constituent
molecules. By sampling a target surface in a suitable grid pattern and connect-
ing each chemical measurement to a spatial location, MALDI mass spectrome-
try provides a multi-channel molecular image that can be correlated with other
imaging modalities [81].

One application of mass spectrometry imaging is to identify differences be-
tween single cells in tissue sections or from culture. For the latter, a convenient
preparation is to grow adherent cells directly on a microscope slide. To ac-
curately assign the resulting metabolite images to cells, it is necessary to use
high resolution microscopy for registration. The SpaceM [77] method for im-
age registration illustrated in Figure 26 utilizes a multi-step pipeline, where
optical microscopy is performed before and after the MALDI experiment, to
compensate for the low resolution of MALDI imaging (>5 µm / pixel). The
initial optical image is used to determine the location and optional fluorescent
labelling of each cell. The post-MALDI image is used to determine the exact
location of each laser shot through segmenting the visible marks in the image.
In this way, the laser shots addressing each cell can be identified and grouped
for further enrichment analysis.

The advantage of this method is that it allows to correlate mass spectrom-
etry signal with microscopy, providing additional information about the cell
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phenotype. However, due to small size of ablation marks, each ablation con-
tains very small amount of material leading to low sensitivity of the method
compared to bulk mass spectrometry, so only very abundant metabolites get
detected. Moreover, the biological material is ablated directly from the slide
and the ions are transferred to the mass analyzer, meaning that there is no
chromatography step. This significantly limits the power of the method to re-
solve isomers - molecules with the same mass but different structure.

5.3 analysis of isotopologue distributions of fatty acids in-
corporated in lipids

When the cells use labeled carbon source, the labeled atoms get incorporated
into various metabolites, therefore detection and interpretation of the isotopo-
logue distribution of different molecules can provide valuable information
about the cell’s metabolism [82, 83]. Based on the limitations of the single-
cell metabolomics and preliminary experiments, it was decided to use the iso-
topologue distributions of lipid-incorporated fatty acids as a readout for the
glucose utilization.

The Figure 27, A shows the fatty acid synthesis pathway. Fatty acid syn-
thase produces fatty acids by joining units of two-carbon cytosolic AcCoA to
first form 16C palmitate, which can then be desaturated or further elongated
to produce a variety of fatty acids used to build lipids. The primary source
contributing to the cytoplasmic AcCoA is glucose, metabolized in the mito-
chondria to AcCoA and then transported to the cytoplasm. Other contribu-
tors include glutamine, acetate, some amino acids and fatty acids. When the
conditions change, the cells can switch between different carbon sources, for
example, cancer cells do it to adapt to the metabolic constraints of the tumour
microenvironment, in particular tumour hypoxia and nutrient deprivation.

If one of the nutrients is labeled, then some proportion of the AcCoA pool is
also labeled. Since fatty acids are made from stochastic condensation of labeled
and unlabeled acetyl-CoA, acetyl group labeling can be inferred by binomial
fitting of fatty acid labeling [84]. The free fatty acids are further incorporated
in the lipids.

Although it is possible to detect free fatty acids, the absolute size of the
pool is not as large as the total pool of the cell’s lipids. Moreover, the samples
are prone to contamination with fatty acids coming from the laboratory equip-
ment, which can significantly change the measured proportion of labeled fatty
acids [84]. At the same time, spectra of the lipids contain many overlapping
isotopologue peaks, making it very hard to analyze the spectra.

To increase the signal intensity, avoid the influence of contamination and
simplify spectra interpretation, the approach illustrated in Figure 27, B was
used. First, ions in the negative mode in mass range 600-1000 m/z were iso-
lated. This mass range includes most of the cell’s lipids but not the free fatty
acids. Then fragmentation was performed using higher-energy collisional dis-
sociation (HCD) at a normalized collision energy of 25. Fragmentation at this
energy causes lipids to break into the fatty acids and the heads, therefore fatty
acids from all lipids can be analyzed together, increasing the signal. Finally,
the scan range was set to 100-400 m/z at 140,000 nominal resolving power
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with 500 ms ion injection time. This mass range contains the fatty acids. It is
important to note that thanks to the isolation range free fatty acids are not
detected with this method, therefore the measured isotopologue distributions
faithfully represent the cell’s carbon utilization.

5.4 fatty acid spectra interpretation

In addition to the normalized isotopologue peak intensities, a binomial model
for the fatty acid synthesis described in [84] was used. Fatty acids are synthe-
sized by randomly taking 2-carbon monomers from the cytosolic acetyl-CoA
pool. The resulting single-cell isotopologue distribution for every fatty acid
was normalized by its sum again. Scanpy v.1.8.1 [60] was used for all single-
cell data analysis.

In addition to the normalized isotopologue peak intensities, a binomial
model for the fatty acid synthesis described in [84] was used. Fatty acids
are synthesized by randomly taking 2-carbon monomers from the cytosolic
AcCoA pool. Therefore, if the fraction of labeled monomers equals p, the prob-
ability that a given fatty acid has 2i labeled carbons, can be described with the
following model:

Pbinom(k) =

(
n

k

)
pk(1− p)n−k,k = 0, 1, ...n

I0 = uptake+ (1− uptake)× Pbinom(0)

Ii = (1− uptake)× Pbinom(i), i = 1, 2, ...,n

where uptake is the fraction of the unlabeled FA directly taken from the media,
p is the labeling degree of cytosolic AcCoA pool, and n is the number of
AcCoA molecules used for the synthesis (number of carbons in the fatty acid /
2). Longer fatty acids can be synthesized both using labeled palmitate made by
the cell de novo and unlabeled palmitate, therefore we used a modified model
for C18:

I0 = uptake+ (1− uptake)× Pbinom(0)

I1 = (1− uptake)× (uptakeC16 + (1− uptakeC16)× Pbinom(1))

Ii = (1− uptake)× (1− uptakeC16)× Pbinom(i), i = 2, 3, ...,n

where uptakeC16 is the fraction of palmitate taken from the medium.
Fitting a binomial model to the single-cell isotopologue distributions allows

summarizing them as two numbers: uptake, which characterizes the fraction
of the fatty acid which was not synthesized de novo but directly taken from
the medium, and acetyl-CoA pool labeling degree p, which describes relative
contribution of the labeled substrate to the fatty acid synthesis compared to
other carbon substrates consumed by the cell.
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To produce a control experiment for glucose labeling, batches of cells were
grown in labeled medium under normal or hypoxic (0.5% O2) conditions. In
the hypoxic state, cell respiration is inhibited, preventing lipid synthesis from
glucose in favor of other carbon sources. After culture, cells from both condi-
tions were prepared separately as well as in mixed sample where the hypoxic
cells were modified to express GFP for identification (28, A). The cells grown
under hypoxia form a robust negative control sample, where almost no la-
bel incorporation is observed, consistent with the bulk measurements (28, E).
Labeling degree of fatty acids allowed to distinguish between hypoxic and
normoxic cells with near-perfect accuracy (28, C).

5.5 acly knockdown experiments

Another set of liver cells were modified with two shRNA oligonucleotide se-
quences to knock down the enzyme ACLY, which is responsible for the transfer
of glucose-derived carbon from the TCA cycle through citric acid. The selec-
tive inhibition of this pathway was expected to produce a reduction in fatty
acid labelling similar to, but lower in magnitude than the hypoxia control. In
agreement with previous studies using bulk analysis of palmitate isotopologue
distribution in ACLY wildtype vs knockout mouse embryo fibroblasts, silenc-
ing ACLY caused a reduction in the fractional labelling of acetyl-CoA from
glucose but only a minor increase in the M+0 fraction. This suggests that other
substrates, such as acetate, are used to synthesize acetyl-CoA under these con-
ditions. The effect was quantifiable for both knockdowns treatments (29, A, C),
and in one case isotope tracing revealed two distinct sub-populations of cells,
with a total distribution in agreement with bulk data (29, D, E).

5.6 application to tissue samples

The isotope tracing strategy is flexible, and can be scaled well up to the whole
organism level, limited mainly by the high cost of the labelled tracer. MALDI
experiments with whole mice fed with a diet enriched with heavy labelled
glucose revealed differences in glucose transportation using the label incor-
poration in downstream lipids as the proxy measure. Applied to a mouse
glioblastoma model, it was possible to visualize spatial differences in lipid
synthesis, elongation, and desaturation pathways [78].

5.7 discussion

13C-SpaceM is a method to combine stable-isotope tracing with spatial single-
cell metabolomics to determine de novo fatty acid biosynthesis in cancer cells
at single-cell resolution. 13C-SpaceM builds upon SpaceM [77] with the major
changes including the mass spectrometry method constructed to mimic chem-
ical saponification and fatty acid detection as in bulk stable isotope tracing as
well as the data analysis. In particular, it was shown how using the binomial
model applied to the isotopologue distribution helps estimate such labeling pa-
rameters as uptake and pool labeling degree for individual cells. 13C-SpaceM
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as employed in this study uses all-ion fragmentation to release fatty acids from
cellular lipids at m/z range of 600-1000 and ionized in the negative mode.

The ability of 13C-SpaceM to detect changes in glucose-dependent fatty
acid synthesis, and its single-cell resolution, was validated by co-plating cells
that had previously been cultured under either normoxia or hypoxia. It was
furher shown that 13C-SpaceM can monitor the effect of perturbations of the
metabolic network in cancer cells. Both bulk and single-cell analysis revealed
a marked shift in palmitate isotopologue distribution following silencing of
ACLY, correctly reflecting a reduced contribution of 13C-glucose to the li-
pogenic acetyl-CoA pool. Using a binomial model to quantify fractional la-
belling from the isotopologue distribution, we estimated the labelling degree
of acetyl-CoA in control and ACLY silenced cells at single-cell level. In addi-
tion to correctly reproducing bulk results on average, 13C-SpaceM was able to
reveal a substantial degree of heterogeneity in fractional labelling of lipogenic
acetyl-CoA within the cell population.

MALDI-based single-cell metabolomics provides integration of mass spec-
trometry data with microscopy, at a cost of lower sensitivity and inability to
distinguish between isomers or use standard for quantitative analysis. 13C-
SpaceM bypasses these limitations by using all-ion fragmentation: pooling to-
gether fatty acids from all cell lipids increases the signal-to-noise ratio and
makes the mass spectra clean and easy to interpret. As the biological meaning
of the isotopologue distribution is determined by the ratios between isotopo-
logues of the same molecule instead of absolute detected amounts of chem-
ically different molecules, 13CSpaceM enables robust comparison of carbon
source utilization between single cells.
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Figure 27: 13C-SpaceM workflow as applied to interrogation of de novo fatty acid
synthesis (reproduced from [78]). a) Generation of cytoplasmic acetyl-CoA
and subsequent fatty acid and lipid synthesis from stable-isotope labelled
13C6-glucose. Glucose-derived pyruvate is metabolized in the mitochon-
dria and exported to the cytoplasm in the form of citrate. ATP-citrate lyase
(ACLY) converts citrate to acetyl-CoA, thereby contributing to the cytoplas-
mic (lipogenic) acetyl-CoA pool. De novo fatty acid synthesis by fatty acid
synthase (FASN) results in the formation of palmitate (C16:0), which is
either further modified or directly incorporated into cellular lipids. Exoge-
nously taken up fatty acids are also incorporated into cellular lipids but are
not labelled. b) Using all-ion fragmentation imaging mass spectrometry for
13C-SpaceM. Cells are grown in medium supplemented with uniformly la-
belled 13C6-glucose for 72 hours. The combination of wide-range isolation
of parent lipid ions followed by HCD fragmentation and selective isolation
of fatty acid fragments allows high-sensitivity measurements of fatty acids
incorporated into lipids, conceptually similar to bulk extractions followed
by saponification but with the benefit of retained spatial information and
the exclusion of free fatty acids. c) Integration of microscopy and imaging
mass spectrometry in 13C-SpaceM to obtain single-cell profiles. Pre-MALDI
microscopy and post-MALDI microscopy images containing information
about the cell outlines and areas ablated by MALDI-imaging are registered.
Ion intensities from MALDI-imaging are assigned to single cells through a
normalization procedure.
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Figure 28: Validating 13C-SpaceM by interrogating de novo fatty acid synthesis in
spatially-heterogeneous normoxia-hypoxia model (reproduced from [78]).
a) Illustration of microscopy and imaging mass spectrometry data from
the model of co-plated primary murine liver cancer cells originally cul-
tured under normoxia (GFPneg) and hypoxia (GFPpos). The GFP signal
was used for discerning the culturing conditions (white and green cell out-
lines shown normoxic and hypoxic cells, respectively). The normalized in-
tensities of the M+0 isotope of palmitate (representing the fraction of un-
labelled palmitate) are shown for MALDI-imaging pixels and as assigned
to the single cells. b) Mass spectra for individual pixels mapped to cells
from a normoxic cell (white outline) and a hypoxic cell (green outline).
The peaks corresponding to palmitate isotopologues are marked by grey or
green dots. c) Discerning cells cultured under normoxia vs. hypoxia using
13C-SpaceM for the cells mono-plated for each culturing condition. Scatter-
plot and histograms show the values of the GFP-reporter (ground truth for
telling the condition) and the normalized intensity of the M+0 isotope of
palmitate representing the fraction of unlabeled palmitate for single cells.
Different colors are used to show cells with different true state label, known
from the growth conditions for the particular well, and different cell state
assigned using GFP signal. Prediction accuracy refers to the prediction of
the true state based on the isotopologue distributions. d) Same analysis as
in (c) for spatially-heterogeneous co-plated cells from both conditions. In
this case accuracy refers to prediction of the cell state assigned using GFP
signal. e) Confusion matrices for the prediction of culture condition based
on 13C-SpaceM or GFP in cells grown separately and comparison of the
two predictions for co-plated cells. f) Comparison of single-cell vs. bulk in-
tensities for the M+0 isotope of palmitate. Single-cell intensities are from
the spatially-heterogeneous co-plated model. Bulk intensities are from cells
of each mono-cultured condition subjected to total fatty acid analysis by
saponification followed by LC-MS. For single-cell data, black lines show
average values. For bulk data, data are displayed as mean ± standard devi-
ation across 3 replicates.
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Figure 29: Single-cell quantitative analysis of lipogenic acetyl-CoA production and
heterogeneity (reproduced from [78] a) Comparison of bulk and single-
cell analysis of isotopologue distribution for palmitate after 72 hours of
ACLY gene silencing and culture in the presence of 13C6-glucose. Bulk
data are displayed as mean ± standard deviation across 3 replicates. For
single-cell data, black lines show average values. b) Normalized single-cell
isotopologue distributions for two individual cells, one from the control
and the other from ACLYkd oligo 1 (shown as bar plots). Lines show fit
of the fatty acid labelling binomial model: horizontal lines for M+0 show-
ing an estimated uptake, and connected lines for M+2i showing (1 - up-
take) * binomial(i). Legend shows parameters of the binomial model fit. c)
Single-cell analysis of the estimated acetyl-CoA pool labelling degree (p) as
calculated using the fatty acid labelling binominal model for the three con-
ditions: control (grey), ACLYkd oligo 1 (blue), and ACLYkd oligo 2 (blue).
Green dashed line shows 95% quantile of the GFP intensity distribution
in the control condition, which was used to classify cells as GFPpos vs.
GFPneg. d) Spatial metabolic imaging of de novo fatty synthesis for the
control, ACLYkd oligo 1, and ACLYkd oligo 2 conditions. Abundance of
different palmitate isotopologue peaks are displayed in different channels:
M+0 (blue), M+2 (green) and M+8 (red). Each channel is normalized to the
total ion count (TIC).





Part IV

C H A L L E N G E S O F F E AT U R E N O R M A L I Z AT I O N I N
S E G M E N TAT I O N O F L A R G E B I O L O G I C A L I M A G E S

Contributions

• I developed the train/eval disparity and tile mismatch metrics,
designed and implemented all presented experiments

• Edoardo D’Imprima acquired organoids datasets and pro-
vided ground truth for semantic boundary segmentation





6
C H A L L E N G E S O F F E AT U R E N O R M A L I Z AT I O N I N
B I O I M A G E S E G M E N TAT I O N

6.1 introduction

Segmentation is an essential first step in automated quantification for various
types of microscopy images. As shown in the previous chapters, in particular,
segmentation is an important step in automated registration and multimodal
integration pipelines as it helps to find meaningful landmarks and identify
separate objects. It is vital for finding matching features in different modalities
based on semantics and not visual similarity.

Recent advances in natural image analysis accelerated the development of
biological image segmentation. However, there are differences between bio-
logical and natural images that preclude direct transfer of the methods and
tools between these domains. Collecting a large dataset of annotated images
and then training a generalist model is a popular approach in computer vi-
sion which led to the fast development of deep learning-based methods, for
example, ImageNet [86], CityScapes [87] and Segment Anything dataset [56]
significantly aided the advances in computer vision. Homogeneity in the im-
age formation model and range of the depicted objects in a vast amount of
imagery aquired with regular cameras and smartphones allows to reach the
necessary level of generalization.

In contrast to that, biological images are much more diverse. Investigation
of biological diversity, discovery of unexpected phenotypes and development
of novel imaging protocols leads to high variability of datasets. This explains
the popularity of human-in-the-loop approaches to segmentation. In this
paradigm, a small amount of data is either annotated from scratch or from the
output of pre-trained models (Cellpose [52], Stardist [53], uSAM [88]), then
new model is either trained from scratch or fine-tuned. After that the next
rounds of correction and training happen, until the desired quality is reached.
In this setup instead of aiming to train the most general large model using a
predetermined dataset, the goal is to quickly fit a smaller model to the specific
dataset so it is important to be able to quickly train a smaller model for an
unseen image type.

In addition to the higher diversity, the size of biological images is often much
larger. For example, a single electron microscopy volume for connectomics
[89] or light sheet [90] volume can reach multiple terabyte scale. Researchers
routinely acquire images of approximately 1000 × 1000 × 1000 pixels which
take up 10-100 GB, exceeding the GPU memory. Nevertheless, these volumetric
images represent one sample and need to be analyzed as a whole. Contrary
to that, natural image datasets (ImageNet [86], CityScapes [87] and Segment
Anything dataset [56]) usually contain relatively small 2D images which fully
fit into GPU memory or can be resized without the loss of the signal of interest,
allowing to use relatively large batch size.

71
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Figure 30: Illustration of the pipeline for processing images larger than GPU memory
(reproduced from [85]): random sampling of tiles during training and slid-
ing window inference. Example of artifacts caused by tiling: hallucinations
in the background tiles and discontinuous predictions due to mismatch be-
tween neighboring tiles.

Larger than GPU memory image size prompted usage of the sliding win-
dow inference shown in Figure 30. The main idea of this approach is splitting
the large volume into parts that fit into memory. Firstly, during training ran-
dom patches are sampled from the annotated images and combined into a
batch. Then, during evaluation the image is split into a grid of tiles which
are processed with a neural network independently. After that the tile-wise
predictions are stitched back to form the full prediction of arbitrary size.

For simplicity, both 2D and 3D patches are referred to as tiles. The size of the
tiles is chosen to be in between the the receptive field size of the network [91]
and the maximum size determined by GPU memory. Typically used tile size is
around 96x96x96 - 256x256x256 pixels. Given the memory of the widely used
GPUs, the batch size during training can go down to as little as 2-3 tiles per
batch. During inference it is not necessary to store gradients, therefore either
tile size or batch size can be larger.

Tile-wise prediction and stitching might are not just a technical step, as the
patch sampling and stitching can affect prediction quality and create stitching
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artifacts (Figure 30). This was shown not only in biological image analysis [92]
but also in medical [93, 94] and aerial [95] image analysis domains which also
operate with images larger than GPU memory.

According to the literature, it is possible to achieve seamless stitching with
CNNs for prediction if edge effects are taken into account [96].

Let us consider the common case in which the size of the input image and
output prediction coincides, such as for semantic segmentation. For CNNs
only a limited area of the input image called receptive field (RF) affects the
prediction value in a given pixel [97, 98]. For the output pixels which are
closer to the edge of the tile than 1

2RF part of the input values within the
RF is replaced by zeros, changing the predicted values and causing mismatch
between tiles. A common solution to this issue is sampling tiles with overlap
and using only the central part of each tile where all pixels have the full context
for stitching. In this setup the cropped area is called halo, and its minimal
sufficient size is 1

2RF.
According to my results, even with large halo sliding window inference can

cause tiling artifacts. There are two types of the artifacts: abrupt discrepancies
between predictions in neighboring tiles and background hallucinations, as
shown in panel C of 30 and third column of 31.

In practice many pipelines using sliding window inference do not aim to
completely eliminate the tiling artifacts but rather minimize them by using the
largest possible tile size in inference and averaging. For example, nnU-Net [99]
(a popular method for medical segmentation) and Cellpose [52] (a popular tool
for cell segmentation in microscopy images) compute weighted average of the
tiles, with the weight decreasing from 1 in the middle of the tile to 0 at the
border, smoothing the border between tiles and making artifacts less visible.
Additional thresholding based on intensity and filtering by the object size can
be used to remove artifacts in the background like in the Figure 30, panel C.
Sometimes the artifacts become less visible when the semantic predictions are
converted into instance segmentation.

Although heuristic postprocessing helps to minimize the tiling artifacts,
additional steps make the whole pipeline harder to use and apply to new
datasets. In my experience tiling artifacts become more pronounced in the
transfer setting, further reducing usability of the networks. According to
my observation, even after taking into account the edge effects, predictions
inside the valid central area do not necessarily match between tiles. It has
been shown that for the otherwise fixed model and training procedure
the prediction accuracy can depend significantly on the tile size [100, 101].
According to my experiments, the main cause of these effects in the feature
normalization within the network.

In this project I aimed to find the source of the tiling artifacts in the sliding
window inference pipelines and explore the connection between tile size,
batch size, normalization strategy and prediction quality in large biological
image segmentation.



74 challenges of feature normalization in bioimage segmentation

Figure 31: Examples of predictions with and without tiling artifacts (reproduced from
[85]).

6.2 methods

6.2.1 Sliding window inference with halo

Input data can be a 2D image or a 3D volume with one or multiple channels.
Here both images and volumes are referred to as images. Input image I is
a matrix of size Cin × Z× Y × X, where Cin is a number of channels, Z, Y,
X are image sizes in pixels. For inference the image is split into a grid of N

tiles of size Cin × Zt × Yt × Xt. Tiles which do not fully fit in the image are
padded with zeros. Corresponding stitched prediction P is a matrix of size
Cseg ×Z× Y ×X formed by tile-wise predictions of size Cseg ×Zt × Yt ×Xt.

To ensure that observed tiling artifacts were not caused by edge effects, theo-
retical (TRF) and effective receptive field (ERF) of the networks was calculated
following [98]. TRF is defined as all pixels which belong to the computation
graph for the target pixel in the output space. ERF was estimated using the
following procedure:

1. Tiles were sampled from validation dataset and processed with a net-
work

2. For each tile the gradients of the prediction at the center of the output
tile with respect to each pixel of the input are calculated using Pytorch’s
automatic differentiation

3. The absolute values of the gradients for each tile are normalized to the
range between 0 and 1 and averaged over all tiles.

4. Resulting distribution was modeled as a Gaussian distribution and the
width of the peak (3σ) was reported as a size of effective receptive field.

Overlap equal to the size of halo was used to minimize the computational
overhead. The halo part of the tile was completely removed before stitching.
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Figure 32: Explanation of tile mismatch metric (reproduced from [85]).

6.2.2 Evaluation metrics

Overall prediction quality Sliding window inference was used to produce
stitched predictions for the whole volumes. In the cases when tile-wise input
normalization was tested, each tile was normalized separately before being
passed through the network. Dice score is a metric which is often used to
characterize the quality of semantic segmentation. Dice score for prediction P

and ground truth labels L of shape C×Z× Y ×X:

Dice(P,L) =
2 ·

∑
z,y,x PL∑

P2 +
∑

L2
,

where sum was taken over the volume separately for each channel. Different
classes can be more difficult to predict, therefore median Dice score was re-
ported for each predicted class.

Train/eval disparity According to my experiments, difference between nor-
malization in train and eval mode can cause unexpected change in the network
prediction. To investigate this difference in addition to "dice, eval mode" in 5 I
reported 6 "dice, train mode". This metric is calculated similarly to "dice, eval
mode" except the model was set to the train mode (model.train()). For a more
direct comparison and quantification I introduce train/eval disparity metric:

train/eval disparity = 1−Dice(Ptrain,Peval),

where Ptrain is the prediction done with model.train() and Peval - with
model.eval() for the boundary class.

In this case 0 means that the predictions perfectly match and higher value
means larger difference between predictions. The inference in both modes was
done on the same images from the validation set, so the difference comes only
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from the behavior of the model in different modes and not overfitting to the
training data.

Tile mismatch
Quantification of tiling artifacts is tricky because the magnitude of the arti-

facts depends on the similarity of the content of neighboring tiles in different
parts of the image. The tiles of size 192× 192× 288 were sampled in a grid
with a stride of 64 pixels, allowing to test the artifacts in the whole volume.
Sampled tiles were split into two overlapping tiles of size 192× 192× 192. Af-
ter that both tiles were processed with the network to compare the predictions
in the overlapping region. Only the valid part of the overlap was taken for
comparison, as shown in 32. The following metrics were calculated:

max_dist =
M

max
i=1

(|Oi1 −Oi2|)

tile mismatch = median(1−Dice(Oi1,Oi2)),

where Oi1 and Oi2 are predictions in the valid overlap region in tile i and
M is number of sampled tiles. In max dist max is taken over all channels and
all tiles, making it an indicator of wether given setup produces tiling artifacts.
In cases when max dist = 0 I explicitly report "no" instead of tile mismatch

to emphasize that the predictions perfectly match. tile mismatch was calcu-
lated per channel and characterizes the magnitude of the artifacts. Values for
boundary channel were reported in 5, 6 and 7.

6.2.3 Normalization strategies

With no postprocessing of the predictions, there are two parts of the pipeline
when normalization occurs: preprocessing of the input data and feature map
normalization inside the network.

6.2.3.1 Input normalization

Microscopy data often has oversaturated regions or single pixels so quantile
normalization is a good general method to normalize images without letting a
few outlier pixel values dominate the normalization. Firstly, quantile normal-
ization was applied to each volume as a whole to convert the data type and
value range from the microscope output to float32 and [0..1] range.

quantile_norm(I,qmin,qmax) =
I− qmin

qmax
,

where qmin is the lower quantile and qmax is higher quantile. qmin = 0.01
and qmax = 0.98 were used for all datasets. Then the values are clipped to
[0..1] range to avoid having negative values.

A common input normalization strategy is applying quantile normalization
to each tile separately. Supposedly, it makes tiles more comparable and ensures
that the input of the network always has the same range.

The following normalization strategies were considered:

• Global: apply quantile normalization only to the whole volume.
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• Tile-wise: first apply quantile normalization to the whole volume, then to
each sample tile, both during training and during inference.

6.2.3.2 Feature normalization

General formula for the normalization operation with input x, output y is:

y =
x− µ√
σ2 + ϵ

,

where µ and σ are normalization parameters and ϵ is a small constant used
for numerical stability. Parameters µ and σ can be estimated directly from the
input µ = E[x] and σ2 = Var[x], where average can be taken either over each
sample independently or over the whole batch. Alternatively, global normal-
ization parameters independent of the current input can be used. A common
strategy is to estimate the parameters as a running average over multiple sam-
ples: pnew = (1−momentum)× pold +momentum× pt. The update speed
is determined by the momentum.

• BatchNorm

Training: use statistics of the current batch and collect running average.
Inference: use saved running average.

• InstanceNorm

Both training and inference: use statistics of each input sample.

In Pytorch this behavior can be changed by setting track_running_-

stats=True. Then during inference the statistics collected during training
will be utilized, same as in BatchNorm.

• BatchRenorm [102]

Both training and inference: use running average statistics.

It was observed that using running statistics during training leads to the
weights exploding. To overcome this issue but still use the same statistics
both during training and during inference it was suggested to consider
µ and σ as external parameters which do not require gradients.

x− µ

σ
=

x− E[x]√
Var[x]

· r+ d,

where r =
Var[x]

σ and d =
E[x]−µ

σ . For a given batch r and d are treated as
external parameters and are not used during backpropagation. This way
BatchRenorm ensures that that all layers are trained on internal represen-
tations that will be actually used during inference.

Training with BatchRenorm consists of 3 phases:

1. r = 1, d = 0: the same training as BatchNorm. This part needs to be
long enough for the model to almost converge.

2. r and d are slowly increased to their final values.

3. r and d are calculated based on the running average statistics and
current input statistics.
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Figure 33: Log10 of mean gradient of the central pixel output with respect to input
(reproduced from [85])

• Identity

Skip feature normalization.

Normalization layers were introduced to reduce sensitivity to initializa-
tion and allow for higher learning rates. However, it is possible to train
a model without normalization layers. In this setup normalization layers
were replaced with Identity layers.

6.3 experiments

6.3.1 Datasets

Datasets prepared for competitions are often cropped to contain only the
object-centered parts of the images and do not always reflect the variability
observed within one image in practice.

The following publicly available datasets were taken from biological publi-
cations to represent the challenges of biological image analysis in terms of the
data variability within one dataset.

organoids [103]: instance segmentation of cells in patient-derived colorectal
cancer organoids, electron microscopy (FIB/SEM), 40× 30× 30 nm3 voxel size.
The volume of size 1350× 1506× 1647 pixels was split 70/30 into train and
validation dataset with the first 945 slices along Z axis being in train and the
other 405 slices - in validation. Ground truth instance masks were converted
into cell boundaries, foreground - pixels inside the cells - and extracellular
matrix - space outside of the cells but inside the measured area. The task
was to predict 4 channels: boundaries, foreground, extracellular matrix and
background.

plants [59]: instance segmentation of nuclei in Arabidopsis ovules, confocal
fluorescent microscopy 0.28× 0.13× 0.13 µm3 per pixel resampled to isotropic
resolution of 0.13×0.13×0.13 µm3 per pixel. The dataset consists of 5 volumes,
4 of which were used for training and 1 for testing. The size of each volume
was around 500× 1000× 1000 pixels.
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embryo [104]: instance segmentation of nuclei in mouse embryos, confocal
fluorescent microscopy, 1× 0.21× 0.21 µm3 per pixel resampled to isotropic
resolution of 0.2× 0.2× 0.2 µm3. The dataset consists of 22 train volumes and
13 validation volumes. The size of each volume is around 600 × 1000 × 700

pixels.
For plants and embryo datasets ground truth instance masks were con-

verted into cell boundaries, foreground - pixels inside the nuclei and back-
ground. The task was to predict 3 channels: boundaries, foreground and back-
ground.

transfer setup: networks trained for embryo dataset were used to segment
plants dataset and vice versa. The difference between two confocal datasets
is that the images in embryo datasets are more noisy and have larger areas
where there are no nuclei in the sample.

6.3.2 Architectures

3D U-Net
3D U-Net with 2 downsampling steps and 2 convolutional blocks per level

was used for all datasets. Each convolutional block consists of convolutional
layer, normalization layer and a non-linearity. The normalization layer in all
the blocks were replaced with one of the normalization layers listed above. All
models were trained with tile size (192, 192, 192). Tile size (128, 128, 128) was
used during sliding window inference.
3D UNETR
UNETR consists of a ViT encoder and convolutional decoder. In the encoder

the volume is split into 16× 16× 16 patches and embeddings in the ViT are
normalized using LayerNorm after each round of attention. With LayerNorm all
features are normalized using average and variance of the features in each
patch independently instead of using statistics of the whole image. There ex-
ists previous work on using other normalization strategies in ViT [105] but
here LayerNorm was kept in all experiments as a standard approach. Convolu-
tional decoder consists of 4 upsampling steps with 2 convolutional blocks at
each level of the U-Net-like architecture. Each convolutional block consists of
convolutional layer, normalization layer and a non-linearity. The normalization
layer in all the blocks were replaced with one of the normalization layers listed
above.

6.3.3 Implementation

All experiments were implemented using MONAI1 framework. The models
were trained on a slurm cluster with NVIDIA GeForce RTX 3090 GPUs with
the batch size of 1 and gradient accumulation for 8 steps, using the Adam opti-
mizer with initial learning rate of 0.001 for 25,000 iterations. The only augmen-
tation was flip with probability 0.5. During training tiles of size 192× 192× 192

were sampled from the volumes randomly. Dice loss averaged over channels
was used for training. Dice is not defined when the label has no non-zero pix-
els, therefore for tiles with empty channels the empty channels were not used

1 https://monai.io
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Architecture ERF TRF halo

U-Net, global feature norm 9 44 22

U-Net, tile-wise feature norm 14 whole tile 22

UNETR 11 whole tile 32

Table 4: Receptive fields and halo for different architectures (reproduced from [85])

in averaging. U-Net with two downsampling steps and 32, 64 and 128 feature
maps in the first, second and bottleneck levels was used. For all normalization
layers that use running average to collect statistics momentum was set to 0.01.
UNETR encoder had 16× 16× 16 patch size, 12 attention heads and hidden
embedding size 768. Convolutional patch projection and trainable positional
embedding were used, following the recommendations in the UNETR paper.

6.4 results

6.4.1 Receptive field

I calculated theoretical and effective receptive field for the architectures with
different normalization layers.

For U-Net with the global feature normalization (BatchNorm, BatchRenorm,
Identity) only a limited region around the central pixel constitutes TRF. In
agreement with the well-known results, only the small portion of the TRF
makes a large difference for the prediction so the ERF is quite small as shown
in the left panel of 33.

For the U-Net with normalization based on the current input (InstanceNorm)
ERF does not change, as it is determined by the number of layers and stride
in convolutional layers, which remain fixed. However, TRF takes up the whole
tile as values of all pixels in the tile make a contribution to the prediction for
the central pixel via normalization. Seamless stitching is based on the assump-
tion that only a limited part of the tile constitutes TRF, so for the U-Net with
InstanceNorm stitching can not be completely artifact-free.

Based on these results, I used halo calculated using TRF of the U-Net with
global feature normalization (4) for all experiments involving U-Net.

For UNETR TRF also takes the whole input tile, both due to normalization
in the convolutional decoder and attention mechanism which uses all patches.
The averaged gradients image 33 has clear square pattern coming from the
fact that in the encoder the image is downsampled by a factor 16 and then
upsampled back to the original resolution.

Surprisingly, ERF of the UNETR turned out to be the same as for the U-Net
even though self-attention is supposed to make use of the parts of the image
which are not directly adjecent. Since only 3 central patches have large effect
on the central pixel prediction, halo = 32 was used for all UNETR experiments
(4).
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Figure 34: Dependency of performance on tile size (reproduced from [85]).

Figure 35: Example of train/eval disparity (reproduced from [85]).

6.4.2 Tile-wise feature normalization with InstanceNorm causes tiling artifacts

Tiling artifacts can manifest in two ways: as abrupt discrepancy between pre-
dictions or as background hallucinations. If the predictions are mostly correct,
but do not match between the neighboring tiles, it makes the segmented ob-
jects appear sliced, such as in the boundary predictions for embryo dataset in
the third column of 31. If some tiles have drastically different content from the
average content of the dataset, for example, do not have all the classes, such as
in the background patches, local normalization can lead to the wrong predic-
tions. All examples in column three of 31 have this issue. The square edges of
hallucinations coinciding with the tile borders suggest that it is a tile-wise nor-
malization issue and not the problem of network not being able to distinguish
the objects.
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All experiments with tile-wise normalization exhibit some degree of tile mis-
match (Table 5 and Table 6), although input normalization (BatchNorm, tile-
wise input norm) causes less artifacts than the tile-wise feature normalization
alone (InstanceNorm, global input norm).

For UNETR the severity of the artifacts significantly decreases if the global
normalization is used in the convolutional part of the network, even if self-
attention makes seamless stitching impossible. Taking into account ERF size,
the artifacts become almost unnoticeable.

Tile-wise normalization makes it hard to make correct predictions for classes
which cover areas larger than tile size, such as foreground and matrix in
organoids dataset. However,InstanceNorm performs better than BatchNorm for
boundaries, which might motivate usage of tile-wise feature normalization
even at the cost of introducing the artifacts.

For InstanceNorm the prediction quality shows strong dependence on the
tile size: the larger the tile and the closer the feature distribution of each tile to
the statistics of the full dataset, the better the predictions. This makes it harder
to reuse the model in the settings when the user of the model has stricter
hardware limitations.

In the transfer experiments I observed that the artifacts caused by tile-wise
feature normalization become more severe when the model is applied to a new
dataset (Table 7). This makes the models with tiling artifacts less generalizable
even in the cases when tile-wise prediction quality is high.

6.4.3 Mismatch in batch statistics causes train and eval mode performance dispar-
ity for BatchNorm

As shown in 5, BatchNorm produces significantly better prediction quality for
foreground and matrix classes of the organoids dataset than InstanceNorm.
These classes take up continuous areas larger than the tile size, so the absence
of tiling artifacts improves the prediction score a lot. However, the quality of
the boundary prediction is much worse and the predictions for other datasets
are worse than with InstanceNorm. The reason for this is the disparity between
the performance of the network in train and evaluation mode. BatchNorm uses
the statistics of the current batch during training and collected running average
statistics during evaluation. This approach relies on the batch statistics being
stable enough and being representative of the whole dataset. If batches are too
small then the running average can be very different from the statistics used
during the training, which leads to deteriorating performance. Doing inference
in the train mode supports this hypothesis: the performance of the networks
with BatchNorm recovers, at the cost of tiling artifacts. In our experiments train
and evaluation mode predictions can be quite different, with train/eval dis-
parity reaching 0.84 for the organoids dataset. Qualitatively, I observe that the
changes in the prediction occur in the areas of the least prediction certainty.
For example, in 35 the train mode prediction is quite close to the ground truth
and eval mode predictions are wrong in the areas where the background has
a bright fluorescent object or brighter parts of the cytoplasm. This type of mis-
takes significantly hinders usage of the predictions for further postprocessing.
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Table 6: UNETR results table

Decoder norm layer BatchNorm InstanceNorm BatchRenorm Identity

Input norm global global global global

Feature norm global tile-wise global global
di

ce
,e

va
lm

od
e or

ga
no

id
s foreground 0.93 0.89 0.95 0.91

boundaries 0.39 0.60 0.72 0.60

matrix 0.03 0.10 0.87 0.28

pl
an

ts foreground 0.84 0.85 0.85 0.52

boundaries 0.64 0.69 0.66 0.21

em
br

yo foreground 0.67 0.56 0.67 0.00

boundaries 0.49 0.49 0.53 0.00

di
ce

,t
ra
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e or

ga
no

id
s foreground 0.89 0.89 0.95 0.91

boundaries 0.60 0.60 0.72 0.60

matrix 0.10 0.10 0.87 0.28

pl
an

ts foreground 0.85 0.85 0.85 0.52

boundaries 0.69 0.69 0.66 0.21

em
br

yo foreground 0.56 0.56 0.67 0.00

boundaries 0.49 0.49 0.53 0.00

tr
ai

n/
ev

al
di

sp
ar

it
y

organoids 0.36 0 0 0

plants 0.20 0 0 0

embryo 0.33 0 0 0

ti
le

m
is

m
at

ch organoids 0.00 0.10 0.00 0.00

plants 0.00 0.04 0.00 0.00

embryo 0.00 0.06 0.00 0.00
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The described effect is different from the usual difference between train
and evaluation performance. Normally it is expected that performance of the
model is worse on the validation set than on the training set. The explanation is
overfitting: validation set contains cases which were not present in the training
set and the model did not "generalize" enough, resulting in wrong predictions
in unfamiliar cases. The difference in performance stems from the differences
in the data and the typical solution is to apply more random augmentations
to make the training data distribution closer to the validation data. However
this comparison is based on the assumption that the prediction quality is ap-
proximately the same in train and eval mode. In this case I run evaluation and
calculate train/eval disparity metric using the same data from the validation
dataset. This issue is not remedied by using more training data because no
matter how much data is used for training, the mismatch in statistics will stay
the same.

6.4.4 BatchRenorm corrects for train/eval disparity and provides seamless stitching

InstanceNorm avoids the statistics mismatch by always using the statistics of
the input both during training and during inference at the cost of causing
tiling artifacts. BatchNorm does not introduce the tiling artifacts by using the
same normalization parameters in each tile but can lose performance due to
small batch size.

Since normalization layers cause these issues, I tested what happens if the
normalization layers are removed from the network. Unfortunately, this led to
significantly worse performance for plants dataset (Identity in Table 5 and
Table 6). It could be possible to improve the performance of the networks with
no normalization by finding more suitable training parameters as the learning
rate was set to quite high value (learning rate=0.001 for all experiments).
Relative independence of learning parameters is an important advantage of us-
ing normalization and necessity to adjust training parameters for each dataset
makes the pipeline harder to use.

Another solution is to use the same global normalization statistics both in
training and in inference, however, directly using running average statistics
during training causes network’s weights to explode [102]. Batch Renormaliza-
tion method uses a reparametrization trick to avoid the divergence and stabi-
lize training while using the same statistics in both modes. I found that net-
works with BatchRenorm produce same or better predictions as InstanceNorm

(Table 5, Table 6) including the transfer setup (Table 7) while allowing for seam-
less stitching due to global feature normalization, as shown in the last column
of Figure 31 and Figure 36.

6.5 discussion

The severity of tiling artifacts depends a lot on the particular data, tile size,
input normalization, sampling strategy, postprocessing and other parameters
of the image analysis pipeline. In some cases only careful comparison of pre-
dictions done with different tile size can reveal that some segmentation errors
stem from tile-wise normalization issues. Often suboptimal performance is
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simply attributed to underfitting or too small amount of ground truth annota-
tions. As deep learning pipelines include so many parts, it can be challenging
to determine the cause of poor performance. To make it easier to find out the
cause of segmenation errors, I introduced two simple metrics: tile mismatch

and train/eval disparity. They can help to determine if a particular method
has issues with normalization without retraining the model. Both metrics are
applicable for any sliding window inference pipeline even for dense prediction
tasks other than segmentation.

In practice, pipelines both with tile mismatch and high train/eval disparity
have been successfully applied to segment biological data. However, in my
experience, training a deep learning model remains a time-consuming task
with unpredictable results. Let us consider how described effects contribute to
this.

Even with tile-wise feature normalization the mismatch between tiles can be
negligible if the images are very homogeneous in content and tile size is big
enough that each tile mostly reproduces the global statistics of the image, such
as for plants dataset. Still, even in that case the inference performance depends
on the tile size and can change unpredictably in the transfer setting, putting
higher requirements on the hardware for inference and making the pipeline
harder to use, especially for non-expert users.

Tracing low validation accuracy to the instability in batch statistics is not
straightforward too, as it is normally expected that the performance on valida-
tion dataset should be worse than on training data. If the train loss is low but
the accuracy on validation data does not improve, it is often attributed to the
insufficient amount of ground truth, however, train/eval disparity prevents
from utilizing the ground truth efficiently.

Both tile mismatch and train/eval disparity are inherent to working with
highly diverse large images: it is necessary to estimate the normalization pa-
rameters consistent for the whole image due to the seamless stitching con-
straint but it is not possible to run inference for the whole image during
training due to time constraints. BatchRenorm, originally introduced for nat-
ural image classification, solves this by splitting training in two stages. First,
the network is trained with BatchNorm, making use of fast convergence and
independence of the optimization parameters such as learning rate. When the
training largely converged the normalization layer switches to using the accu-
mulated running average statistics. In my experience it is very important to
wait until convergence before switching and continue training with relatively
low learning rate as the statistics change from tile-wise to global gradually
to achieve the best final accuracy. Although this method has additional hy-
perparameters, in my experiments keeping the same values as in the original
publications provided good enough quality.

6.6 conclusion

In this work I have demonstrated the tread-off in segmentation of large biolog-
ical images: using tile-wise statistics for feature normalization in the network
during inference (InstanceNorm) leads to tiling artifacts even if edge effects
were taken into consideration while using tile-wise statistics in training and
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global accumulated statistics during inference (BatchNorm) leads to unexpected
difference between network performance during training and inference due to
small batch size and high variability of data.
InstanceNorm [106] is widely used in segmentation networks. It uses statis-

tics of the current input for normalization both during training and evaluation,
making predictions in every pixel dependent on the content of the whole tile
and causing tiling artifacts.

In contrast with InstanceNorm, BatchNorm [107] uses the statistics of the cur-
rent input during training but switches to saved running average statistics in
the evaluation mode, allowing to achieve the seamless stitching. However, the
performance of the network can deteriorate in evaluation mode compared to
training mode if the statistics of individual batches are not representative of
the full dataset. It often happens in biological image analysis due to small
batch size.

I suggest BatchRenorm [102] which uses the same global normalization statis-
tics both during training and inference as a solution which produces artifact-
free predictions without compromising on the prediction quality.

Biological images are a very diverse domain with a variety of image modal-
ities and segmentation tasks. In some cases it might be worth having some
tiling artifacts in order to win a few more percent in the prediction quality.
In other cases, for example, in registration, tile edges can create false features
which make downstream analysis impossible, so it might be more important
to achieve artifact-free prediction even if it means sacrificing tile-wise predic-
tion quality. I hope that the theoretical framework for reasoning about nor-
malization and the tile mismatch and train/eval disparity metrics will aid
researchers in reaching optimal performance in their pipeline given the limited
amount of ground truth and make some aspects of deep learning a little less
mysterious.
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Figure 36: Tiling gets worse in transfer (reproduced from [85])
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C O N C L U S I O N S A N D O U T L O O K

7.1 summary

During my PhD I worked on correlative workflows including different data
modalities, such as imaging mass spectrometry, wide field and confocal mi-
croscopy, electron microscopy and scRNAseq.

In the first project described in this thesis I demonstrated automated regis-
tration of multiple 3D smFISH datasets with the EM image stack. I used deep
learning-based segmentation to detect nuclei in both modalities and then estab-
lished correspondence between nuclei in confocal volumes and in EM template
using a multi-step registration procedure which consists of intensity-based reg-
istration, point cloud registration and integer linear programming. I quantified
gene expression in smFISH volumes with a custom deep learning-based spot
detection method and transferred them to nuclei in EM, therefore assigning
gene expression vectors directly to the cells in EM.

In the second project I used already existing single-cell metabolomics
method in which correlation of two imaging modalities was based on artificial
fiducials and semi-manual registration. I modified the mass spectrometry
protocol and have shown that isotope tracing can be applied at single-cell
level to find out how much each cell relies on the labeled carbon source.

My experience shows that correlative workflows can be a useful method
which helps to interpret both modalities and gives more than just an overlay
of two images - however, at a cost of additional difficulties with registration
and additional constraints imposed on both correlated analytical methods. De-
spite following a similar general principle, multimodal workflows are highly
specific for the modalities, samples and research questions.

Automated registration remains a bottleneck in correlative workflows. Both
in my work and in literature segmentation has been shown to provide robust
landmarks for cross-modal registration. This is why in the last part of the
thesis I looked into the factors that make segmentation models for biological
images harder to train and transfer to new, unseen data.

Characteristic features of biological image analysis domain: high diversity of
datasets and large size of the images. Practical scenario for the usage of deep
learning models in biological research is human-in-the-loop type of pipelines
where a small model is trained for a specific task. Especially for 3D data, the
size of one image by far surpasses GPU memory, necessitating sliding window
inference. Splitting image into tiles and stitching can result in artifacts, which
stem either from edge effects, normalization in the preprocessing pipeline or
normalization within the network. It turned out that some commonly used nor-
malization strategies lead to tiling artifacts and result in a tread-off between
artifact-free prediction and keeping high-quality predictions under the small
batch size conditions and high variability within sample. I tested Batch Renor-
malization strategy earlier proposed to tackle a similar problem in natural

93



94 conclusions and outlook

images and found that it allows to avoid tiling artifacts and improve transfer-
ability of the segmentation models.

7.2 cross-modal registration : outlook

Precise single-cell level registration is a key step in the joint analysis of dif-
ferent modalities. The main challenges in this task are the difference in object
appearance and resolution gap between imaging methods. Segmentation can
be used to alleviate the appearance difference or find key points for registra-
tion. Intensity-based registration and point cloud-based registration have been
used for registration of segmented biological images, however there are some
problems and use cases that remain unaddressed:

• Only local registration is feasible

Available algorithms provide local registration which means that the re-
sult is highly dependent on the initialization. They require good prelimi-
nary alignment which is hard to achieve without using manual registra-
tion or heuristics such as principal components alignment. This results in
registration pipelines that either consist of many registration steps aim-
ing to gradually improve alignment accuracy or require manual adjust-
ment to handle samples in different starting orientation. Robust global
alignment algorithm suitable for large-scale biological data would al-
low to significantly simplify registration pipelines and make registration
more accessible to non-expert users.

• It is hard to incorporate visual features and domain knowledge

Available methods match either individual pixel intensity values or the
point cloud densities but not the single objects, which is the final goal of
this analysis. Consequently, there is no obvious way to make use of other
information such as shape descriptors, visual features or high-level infor-
mation such as prior knowledge about anatomical regions. An algorithm
that is able to take this kind of annotations as input would make regis-
tration results more predictable and allow to guide registration process
in challenging cases while remaining scalable. End-user would be able to
steer registration without having to provide extensive manual landmarks
for each dataset.

• There are no readily available methods for registration of partial data

Another registration task that remains largely overlooked due to its com-
plexity is the registration when parts of the sample are missing. For ex-
ample, in the P. dumerilii project it would save a lot of imaging time if
it were possible to image only a small region of interest, such as a spe-
cific brain region, and automatically map it to the full-body template.
However, due to lack of the computational methods, it was necessary to
image the whole sample.

I believe that the dataset created for the registration quality control of P.
dumerilii will serve as a valuable benchmark and help to advance the field of
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large-scale cross-modal biological image registration and address the problems
listed above.

In my opinion, combination of state of the art learning-based methods, such
as rotation-invariant graph neural networks (GNNs), together with the spe-
cialized combinatorial optimization algorithms is a promising approach for
automated biological image registration.

In this type of registration instance segmentation is first converted into kNN
graph and each node is assigned two types of features: rotation-invariant geo-
metric features, similar to PointNet [28], and non-geometric features, such as
shape descriptors, learned visual features or any other prior information. Next,
the GNN is applied to obtain features suitable for registration. The learning
process automatically blends geometric and non-geometric features and finds
their combination which makes the final representation most distinct and suit-
able for object matching, similar to how human eye looks for anything that
stands out to establish correspondence between two images.

Since the features do not depend on the rotation of the image, the nodes
of two graphs can be matched in the feature space using a combinatorial op-
timization algorithm, providing global registration which does not depend
on the initial alignment. Similar approaches were successfully used for regis-
tration of the point clouds derived from LiDAR scans. Despite the apparent
similarity, point clouds derived from biological data have unique properties
so, akin to the segmentation methods adapted from natural images, GNN-
based registration will need to be reinvented to achieve global, cross-modal,
semantic-aware object matching for biological samples.

Rapid development of imaging technology now allows to bring together
modalities with a very large resolution gap and different mechanisms of con-
trast creation. As workflows such as CLXEM are becoming more routine, and
single cell spatial ’omics keeps a high rate of improvement both in experimen-
tal and in commercial settings, the need for integration approaches is posed to
rise to a new level. I hope that this thesis will contribute both ideas and tools
for this exciting field.
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